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USING FEEDBACK TO CREATE AND
MODIFY CANDIDATE STREAMS

PRIORITY CLAIM

This application claims the benefit of priority to U.S.
Provisional Patent Application No. 62/609,910 entitled
“Creating and Modifying Job Candidate Search Streams”,
[reference number 902004-US-PSP (3080.G98PRV)] filed
on Dec. 22, 2017, which is incorporated herein by reference
in its entirety.

TECHNICAL FIELD

The present disclosure generally relates to computer tech-
nology for solving technical challenges in determining query
attributes (e.g., locations, skills, positions, job titles, indus-
tries, years of experience and other query terms) for search
queries. More specifically, the present disclosure relates to
creating a stream of candidates based on attributes such as
locations and titles, which may be suggested to a user, and
refining the stream based on user feedback. The disclosure
also relates to generating communications such as messages
and alerts related to the stream.

BACKGROUND

The rise of the Internet has occasioned two disparate
phenomena: the increase in the presence of social networks,
with their corresponding member profiles visible to large
numbers of people, and the increase in use of social net-
works for job searches, by applicants, employers, social
referrals, and recruiters. Employers and recruiters attempt-
ing to connect candidates and employers, or refer them to a
suitable position (e.g., job title), often perform searches on
social networks to identify candidates who have relevant
qualifications that make them good candidates for whatever
job opening the employers or recruiters are attempting to fill.
The employers or recruiters then can contact these candi-
dates to see if they are interested in applying for the job
opening.

Traditional querying of social networks for candidates
involves the employer or recruiter entering one or more
search terms to manually create a query. A key challenge in
a search for candidates (e.g., talent search) is to translate the
criteria of a hiring position into a search query that leads to
desired candidates. To fulfill this goal, the searcher typically
needs to understand which skills are typically required for
the position (e.g., job title), what are the alternatives, which
companies are likely to have such candidates, which schools
the candidates are most likely to graduate from, etc. More-
over, this knowledge varies over time. Furthermore, some
attributes, such as the culture of a company, are not easily
entered into a search box as query terms. As a result, it is not
surprising that even for experienced recruiters, many search
trials are often required in order to obtain an appropriate
query that meets the recruiters’ search intent. Additionally,
small business owners do not have the time to navigate
through and review large numbers of candidates.

BRIEF DESCRIPTION OF THE DRAWINGS

Some embodiments of the technology are illustrated, by
way of example and not limitation, in the figures of the
accompanying drawings.

FIG. 1 is a block diagram illustrating a client-server
system, in accordance with an example embodiment.
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FIG. 2 is a block diagram showing the functional com-
ponents of a social networking service, including a data
processing block referred to herein as a search engine, for
use in generating and providing search results for a search
query, consistent with some embodiments of the present
disclosure.

FIG. 3 is a block diagram illustrating an application server
block of FIG. 2 in more detail, in accordance with an
example embodiment.

FIG. 4 is a block diagram illustrating an intelligent
matches system, in accordance with an embodiment.

FIG. 5 is a screen capture illustrating a first screen of a
user interface for editing and displaying suggested candidate
streams, in accordance with an example embodiment.

FIG. 6 is a screen capture illustrating a second screen of
a user interface for editing and displaying suggested candi-
date streams, in accordance with an example embodiment.

FIG. 7 is a screen capture illustrating a third screen of a
user interface for editing and displaying suggested candidate
streams, in accordance with an example embodiment.

FIG. 8 is a screen capture illustrating a user interface for
a semi-automatic message builder, in accordance with an
example embodiment.

FIG. 9 is a block diagram illustrating a skills generator in
more detail, in accordance with an example embodiment.

FIG. 10 is a diagram illustrating an offline process to
estimate expertise scores, in accordance with another
example embodiment.

FIG. 11 is a flow diagram illustrating a method for
performing a suggested candidate-based search, in accor-
dance with an example embodiment.

FIG. 12 is a flow diagram illustrating a method for
soliciting and using feedback to create and modify a candi-
date stream, in accordance with an example embodiment.

FIG. 13 is a flow diagram illustrating generating a search
query based on one or more extracted attributes, in accor-
dance with an example embodiment.

FIG. 14 is a flow diagram illustrating a method for
generating labels for sample suggested candidate member
profiles in accordance with an example embodiment.

FIG. 15 is a flow diagram illustrating a method of
generating suggested streams in accordance with an example
embodiment.

FIG. 16 is a flow chart illustrating a method for query term
weighting, in accordance with an example embodiment.

FIG. 17 is a screen capture illustrating a first screen of a
user interface for performing a suggested candidate-based
search, in accordance with an example embodiment.

FIG. 18 is a screen capture illustrating a second screen of
the user interface for performing a stream refinement ques-
tion-based search, in accordance with an example embodi-
ment.

FIG. 19 is a block diagram illustrating a representative
software architecture, which may be used in conjunction
with various hardware architectures herein described.

FIG. 20 is a block diagram illustrating components of a
machine, according to some example embodiments, able to
read instructions from a machine-readable medium (e.g., a
machine-readable storage medium) and perform any one or
more of the methodologies discussed herein.

DETAILED DESCRIPTION

The present disclosure describes, among other things,
methods, systems, and computer program products that
individually provide various functionality. In the following
description, for purposes of explanation, numerous specific
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details are set forth in order to provide a thorough under-
standing of the various aspects of different embodiments of
the present disclosure. It will be evident, however, to one
skilled in the art, that the present disclosure may be practiced
without all of the specific details.

Techniques for recommending candidate search streams
(i.e., suggested streams) to recruiters are disclosed herein. In
an example, job titles are suggested by presenting the titles
to a user of a recruiting tool (e.g., a recruiter or hiring
manager). Based on a variety of features, a system can
suggest a position or job title that a recruiter may want to fill.
For example, a hiring manager at a small-but-growing
Internet company may want to hire a head of human
resources (HR). Such suggested job titles may be used to
create candidate search streams comprising recommended
candidates for the job titles. Some embodiments create
streams of suggested candidates based on predicted posi-
tions for which a recruiter may be hiring.

In some embodiments, a role or stream may consist of
three attributes: title, location, and company. To suggest a
stream for the user to create, certain embodiments suggest
values for these attributes. No suggestion needs to be
generated for organization (e.g., company) since some
embodiments may simply use the company that the hiring
manager is employed by. The logic for suggesting a position
(e.g., a job title or role) is described herein. The location
suggestion is more straight forward than a job title or
position. Some embodiments suggest a role, stream, or
position for a hiring search rather than just a job title.

To suggest a position for a hiring search (e.g., a job
candidate search), certain embodiments first find similar
organizations and companies. Certain embodiments can
accomplish this in two ways. The first is to use a factoriza-
tion machine to conduct collaborative filtering. In this
method, companies are deemed similar if there is a flow of
human capital between the companies or related companies.
The other way is to consider directly where a company’s
employees have worked in the past. Once some similar
companies have been identified, an embodiment can con-
sider common titles held by employees at those companies
and draw suggestions (e.g., suggested job titles) from this set
of titles. A goal of both methods is to suggest the most
common titles, but also maintain diversity amongst the
positions suggested (e.g., avoid suggesting only titles in the
sales department by also suggest positions in marketing,
accounting [T, and other departments). In order to do this, an
embodiment may model each of the titles as a particle in
space and run a physics simulation in which there is an
attractive force driven by how often a title occurs and a
repulsive force driven by how similar a title is to other titles.

Example techniques for using such a physics simulation
and a factorization machine are described in U.S. patent
application Ser. No. 15/827,350, entitled “MACHINE
LEARNING TO PREDICT NUMERICAL OUTCOMES
IN A MATRIX-DEFINED PROBLEM SPACE”, filed on
Nov. 30, 2017, which is incorporated herein by reference in
its entirety. The referenced document describes techniques
for using a physics simulation to suggest answers for areas
of expertise stream refinement questions. The referenced
document also describes Factorization machines (FMs) and
their extension, field-aware factorization machines (FFMs),
which have a broad range of applications for machine
learning tasks including regression, classification, collabora-
tive filtering, search ranking, and recommendation. The
referenced document further describes a scalable implemen-
tation of the FFM learning model that runs on a standard
Spark/Hadoop cluster. The referenced document also
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describes a prediction algorithm that runs in linear time for
models with higher order interactions of rank three or
greater, and further describes the basic components of the
FFM, including feature engineering and negative sampling,
sparse matrix transposition, a training data and model co-
partitioning strategy, and a computational graph-inspired
training algorithm. In the referenced document, one distrib-
uted training algorithm and system optimizations enable
some aspects to train FFM models at high speed and scale
on commodity hardware using off-the-shelf big data pro-
cessing frameworks such as Hadoop and Spark.

The above-referenced document additionally describes
Factorization machines (FMs) that model interactions
between features (e.g., attributes) using factorized param-
eters. Field-aware factorization machines (FFMs) are a
subset of factorization machines that are used, for example,
in recommender systems, including job candidate recom-
mendation systems. FMs and FFMs may be used in machine
learning tasks, such as regression, classification, collabora-
tive filtering, search ranking, and recommendation. Some
implementations of the technology described herein lever-
age FFMs to provide a prediction algorithm that runs in
linear time. The training algorithm and system optimizations
described herein enable training of the FFM models at high
speed and at a large scale. Thus, FFMs based on large
datasets and large parameter spaces may be trained. In some
embodiments, FMs may be a model class that combines the
advantages of Support Vector Machines (SVMs) with fac-
torization models. Like SVMs, FMs are a general predictor
working with any real valued feature vector. In contrast to
SVMs, FMs model all interactions between features using
factorized parameters. Thus, they are able to estimate inter-
actions even in problems with huge sparsity (like recom-
mender systems) where SVMs fail. FMs are class of models
which generalize Tensor Factorization models and polyno-
mial kernel regression models. FMs uniquely combine the
generality and expressive power of prior approaches (e.g.,
SVMs) with the ability to learn from sparse datasets using
factorization (e.g., SVD++). FFMs extend FMs to also
model effects of different interaction types, defined by fields.

For a large professional networking or employee-finding
service, a production-level machine learning system may
have a number of operational goals, such as scale. Large-
scale distributed systems are needed to adequately process
data of millions of professional network members. The
referenced document describes how the FFM model extends
the FM model with information about groups (called fields)
of features. In some embodiments, a latent space with more
than two dimensions (e.g., three, four, or five dimensions)
may be used. To generate this mapping, latent vectors
learned by a factorization machine trained on examples of
<Current Title, Skills> tuples are extracted from a data store.
In some examples, the data store stores member profiles
from a professional networking service (see, e.g., the profile
database 218 of FIG. 2). According to some examples
described in the referenced document, a server extracts
training examples from the data store, where each training
example includes a <current title, skills> tuple. The server
trains a factorization machine, and latent vectors learned by
the factorization machine may be viewed as a mapping of
titles to the latent space and a mapping of skills to the latent
space. In other words, for each title, there is a vector that
numerically represents the title. For each skill, there is a
vector that numerically represents the skill.

By using titles that similar companies have hired people
for, embodiments can produce a list of suggested fitles.
Then, the physics simulation discussed above and described
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in the above-referenced document can be applied to produce
the most important titles (e.g., the most needed titles) while
also ensuring that the few options of titles presented are
different. In this way, embodiments avoid the issue of
presenting closely-related or synonymous titles such as, for
example “Software Engineer” and “Software Developer” at
the same time. That is, embodiments improve the efficiency
of suggesting titles to a user by filtering out titles that are
semantically identical or duplicative.

In addition to what is described in the referenced docu-
ment, certain embodiments include deciding to ask a stream
refinement question to improve a candidate stream and
incorporating the answer into the relevance for which can-
didate is suggested next in the stream.

Embodiments can suggest positions based on a hiring
organization’s size, location, and existing titles—including
titles that differ from each other, but have overlapping areas
of expertise. Such embodiments can predict feature values
using a factorization machine that is configured to find a
related entity for a given entity. For instance, a factorization
machine may be used to find similar companies for a given
hiring organization. Embodiments suggest positions that
may be different from each other. For instance, some
embodiments suggest locations where an organization
should hire based on where the organization has offices and
where similar organizations have offices, apart from specific
job titles. Also, for example, embodiments suggest broader
positions beyond just job titles related to one area of
expertise. According to such examples, in addition to sug-
gesting software-related job titles such as software engineer,
software developer and related or synonymous titles, a
system can additionally suggest non-software positions
based on accessing title data from similar companies and
different, non-software groups and divisions at the hiring
company.

Some embodiments create streams of suggested candi-
dates (i.e., suggested streams) based on predicted positions
for which a recruiter may be hiring. In certain embodiments,
positions or job titles may be predicted based on criteria,
such as, for example, past hiring activity, organization (e.g.,
company) size, a currently logged-in user’s job title (i.e., the
title of a current user of a recruiting tool), competitors’
hiring activity, industry hiring activity, recent candidate
searches, recent member profiles viewed, recent member
profiles prospected, and job searches by candidates who
have engaged with the user’s company page (e.g., the
organization page or company page of the currently logged-
in user).

To suggest a location, an embodiment first generates a list
of all the places a company has employees (generally a few
offices, but may include knowledge such as whether this
company has remote workers). Then, the embodiment can
use a simple rule based logic. The embodiment can utilize
the language of the selected title to determine which office
locations are in countries with that language. Then, the
embodiment can display a small list of top suggestions to the
user. This list can be sorted according to number of people
in the corresponding department in each office (e.g., if this
job is for an Accountant and most accounting staff are in Los
Angeles then suggest Los Angeles first). If the department is
small or this is the first hire in the department, an embodi-
ment can use office size most likely place to hire a new
employee would be the headquarters).

According to an embodiment, a system learns attributes of
recent hires as compared to the rest of a population of
candidates. In certain examples, the attributes can include a
combination of'title and location (e.g., a candidate’s job title
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and geographic location). The geographic location can be,
for example, a metropolitan area, such as a city, a county, a
town, a province, or any other municipality. Also, for
example, the geographic location may be a postal code, a
larger area such as a country, or may specify that the
candidate can be a remote worker.

Techniques for returning candidates to recruiters based on
recruiter feedback are disclosed herein. In an example,
candidate feedback is received by presenting a stream of
candidates to a user of a recruiting tool (e.g., a recruiter or
hiring manager). Based on recruiter feedback, a system can
revise the stream to include additional candidates and to
filter out other candidates. For instance, based on explicit
feedback such as, for example, a user rating (e.g., accep-
tance, deferral, or rejection), a user-specified job title, and a
user-specified location, an intelligent matching system can
return potential candidates to a user of the system (e.g., a
recruiter or hiring manager). Also, for example, based on
implicit user feedback, such as similar company matching,
user dwell time on a candidate, candidate member profile
sections viewed, and a number of revisits to a saved candi-
date profile, the intelligent matching system can revise a
stream of suggested candidates that are returned to the user.

An example system recommends potential candidates to
users, such as, for example, users of a recruiting tool. The
system stores the employment history (titles and positions
held with dates and descriptions), location, educational
history, industry, and skills of members of a social network-
ing service. The system uses explicit (specified job title,
location, positively-rated candidates, etc.) and implicit user
input (features of positively-rated candidates, similar com-
pany/organization matching, data about past hiring activity,
etc.) to return potential candidates to a user (e.g., a hiring
manager or a recruiter).

Techniques for query inference based on explicit (speci-
fied job ftitle, location, etc.) and implicit user feedback
(features of positively rated candidates, similar company
matching, etc.) are also disclosed herein. In an example, a
system returns potential, suggested candidates as a candidate
stream based on executing an inferred query generated by a
query builder. In some embodiments, a candidate stream is
presented to a user (e.g., a recruiter) as a series of potential
candidates which the user may then rate as a good fit or not
a good fit (e.g., explicit feedback). Based on this explicit
feedback, the user may then be shown different candidates
or asked for further input on the stream.

Example embodiments provide systems and methods for
using feedback to create and modify a search query, where
the search query is a candidate query in an intelligent
matching context. According to these embodiments, intelli-
gent matching allows a user, such as, for example, a recruiter
or hiring manager, to create a stream from a minimal set of
attributes. As used herein, in certain embodiments, the terms
‘intelligent matches’ and ‘intelligent matching’ refers to
systems and methods that offer intelligent candidate sugges-
tions to users such as, for example, recruiters, hiring man-
agers, and small business owners. For example, a recom-
mendation system oilers such intelligent candidate
suggestions while accounting for users’ personal prefer-
ences and immediate interactions with the recommendation
system. Intelligent matching enables such users to review
and select relevant candidates from a candidate stream
without having to navigate or review a large list of irrelevant
candidates. For instance, intelligent matching can provide a
user with intelligent suggestions automatically selected from
a candidate stream or flow of candidates for a position to be
filled without requiring the user to manually move through
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a list of thousands of candidates. In the intelligent matching
context, such a candidate stream can be created based on
minimal initial contributions or inputs from users such as
small business owners and hiring managers. For example,
embodiments may use a recruiter tool to build a candidate
stream with the only required input into the tool being a job
title and location.

Instead of requiring large amounts of explicit user input,
intelligent matching techniques infer query criteria with
attributes and information derived from the user’s company
or organization, job titles, positions, job descriptions, other
companies or organizations in similar industries, data about
recent hires, and the like. Among many attributes or factors
that can contribute to the criteria for including members of
a social networking service in a stream of candidates,
embodiments use a standardized job title and location to
start a stream, which may be suggested to the user, as well
as the user’s current company. In certain embodiments, the
social networking service is an online professional network.
As a user is fed a stream of candidates, the user can assess
the candidates’ fit for the role. This interaction information
can be fed back into a relevance engine that includes logic
for determining which candidates end up in a stream. In this
way, intelligent matching techniques continue to improve
the stream.

In an example embodiment, a system is provided whereby
candidate features for a query are evaluated (e.g., weighed
and re-weighed) based on a mixture of explicit and implicit
feedback. The feedback can include user feedback for can-
didates in a given stream. The user can be, for example, a
recruiter or hiring manager reviewing candidates in a stream
of candidates presented to the user. Explicit feedback can
include acceptance, deferral, or rejection of a presented
candidate by a user (e.g., recruiter feedback). Explicit feed-
back can also include a user’s interest or disinterest in
member profile attributes (i.e., urns) and may be used to
identify ranking and recall limitations of previously dis-
played member profiles and to devise reformulation schemes
for candidate query facets and query term weighting (QTW).
For instance, starting with a set of suggested candidates for
a candidate search (i.e., suggested candidates for a given
title, location) specified by the stream, an embodiment
represents a candidate profile as a bag of urns. In this
example, an urn is an identifier for a standardized value of
an entity type associated with a member profile, where an
entity type represents an attribute or feature of the member’s
profile (e.g., skills, education, experience, current and past
organizations). For example, member profiles can be repre-
sented by urns, where the urns can include urns for skills
(e.g., C++ programming experience) and other urns for
company or organization names (e.g., names of current and
former employers). Implicit feedback can include measured
metrics such as dwell time, profile sections viewed, and
number of revisits to a saved candidate profile.

In certain embodiments, a candidate stream collects two
types of explicit feedback. The first type of explicit feedback
includes signals from a user such as acceptance, deferral, or
rejection of a candidate shown or presented to the user (e.g.,
a recruiter). The second type of explicit feedback includes
member urns that are similar or dissimilar to urns of a
desired hire. If the explicit feedback includes many negative
responses, an embodiment can prompt the user to ask the
user what about the profiles returned is disliked. An embodi-
ment may also allow the user to highlight or select sections
of the profile that were particularly liked or disliked in order
to provide targeted explicit feedback at any time.
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In some embodiments, implicit feedback can be measured
in part by using log data from a recruiting tool to measure
an amount of items in a member profile a user has reviewed
or seen (e.g., a number of profile sections viewed). In an
example, such log data from a recruiting product can be used
to determine if a user is interested in a particular skill set,
seniority or tenure in a position, seniority or tenure at an
organization, and other implicit feedback that can be deter-
mined from log data. In another example, log data from an
intelligent matching product may be used to determine if a
user of the intelligent matching product is interested in a
particular skill set, seniority or tenure in a position, seniority
or tenure at an organization, and other implicit feedback that
can be determined from intelligent matching log data.

Embodiments incorporate the above-noted types of
explicit and implicit feedback signals into a single weighted
scheme of signals. In additional or alternative embodiments,
the explicit member urns feedback may be used to identify
ranking and recall limitations of previously displayed mem-
ber profiles and to devise reformulation schemes for query
facets and query term weighting (QTW). The approach does
not require displaying a query for editing by the user.
Instead, the user’s query can be tuned automatically behind
the scenes. For example, query facets and QTW may be used
to automatically reformulate and tune an inferred query
based on a mixture of explicit and implicit feedback as the
user is looking for candidates, and reviews, selects, defers,
or rejects candidates in a candidate stream.

The above-noted types of explicit and implicit feedback
can be used to promote and demote candidates by re-
weighting candidate features (e.g., inferred query criteria).
That is, values assigned to weights corresponding to candi-
date features (e.g., desired hire features) can be re-calculated
or re-weighted. Some feedback can conflict with other
feedback. For instance, seniority feedback can indicate that
a user wants a candidate with long seniority at a start-up
company, but relatively shorter seniority at a larger organi-
zation (e.g., a Fortune 500 company).

In an example, a system returns potential, suggested
candidates as a candidate stream based on executing an
inferred query generated by a query builder. In some
embodiments, a candidate stream is presented to a user (e.g.,
a recruiter) as a series of potential candidates which the user
may then rate as a good fit or not a good fit (e.g., explicit
feedback). Based on this explicit feedback, the user may
then be shown different candidates or asked for further input
on the stream.

A user can use a recruiting tool to move or navigate
through a candidate stream. For example, as a stream engine
returns each candidate to the user, the user can provide
feedback to rate the candidate in one of a discrete number of
ways. Non-limiting examples of the feedback include accep-
tance (e.g., Yes—interested in candidate, deferral (e.g.,
maybe later) and rejection (e.g., No—not interested).

Techniques for soliciting and using feedback to modify a
candidate stream are disclosed. In some embodiments, a user
(e.g., a hiring manager or recruiter) can be presented with a
series of potential, suggested candidates which the user
provides feedback on (e.g., by rating candidates as a good fit
or not a good fit). Based on this feedback, an embodiment
shows the user different candidates or prompts the user for
further input on the stream.

Some embodiments present a user (e.g., a hiring manager
or recruiter) with a series of potential candidates (e.g., a
candidate stream) in order to solicit feedback. In certain
embodiments, the feedback includes user ratings of the
candidates. For example, the user may rate candidates in the
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stream as a good fit or not a good fit for a position the user
is seeking to fill. Also for, example, the user may rate
candidates in the stream as a good fit or not a good fit for an
organization (e.g., a company) the user is recruiting on
behalf of. Based on such feedback, the user may be shown
different candidates or additional feedback may be solicited.
For instance, when the user repeatedly assigns negative
ratings to candidates in the stream (e.g., by rejecting them or
rating them as not a good fit), the user may be asked for
further input on the stream in order to improve the stream.
In an example, the user may be asked which attribute of the
last rated candidate was displeasing (e.g., location, ftitle,
company, seniority, industry, and the like).

Certain embodiments return candidates to users such as
recruiters or hiring managers based on solicited feedback. In
an example, user feedback is solicited and received by
presenting a stream of candidates to a user of a recruiting
tool (e.g., an intelligent matching tool or product). Based on
received feedback, a system can revise the stream to include
additional candidates and to filter out other candidates. For
instance, based on explicit feedback such as, for example, a
user rating (e.g., acceptance, deferral, or rejection), a user-
specified job title, and a user-specified location, an intelli-
gent matching system can return potential candidates to a
user of the system (e.g., a recruiter or hiring manager). Also,
for example, based on implicit user feedback, such as user
dwell time on a candidate, candidate member profile sec-
tions viewed, and a number of revisits to a saved candidate
profile, the intelligent matching system can revise a stream
of suggested candidates that are returned to the user.

Certain embodiments include a semi-automated message
builder or generator. For instance, once a user chooses to
reach out to a candidate, the semi-automated message
builder may semi-automatically generate a message that is
optimized for a high response rate and personalized based on
the recipient’s member profile information, the user’s profile
information, and the position being hired for. For example,
techniques for automatically generating a message on behalf
of a recruiter or job applicant are disclosed. In one example,
a message generated for a recruiter can include information
about the recruiter, job posting, and organization (e.g.,
company) that is relevant to the job candidate. In another
example, a message generated for the job applicant may
include information about the job applicant (e.g., job expe-
rience, skills, connections, education, industry, certifica-
tions, and other candidate-based features) that is relevant for
a specific job posting.

Some embodiments include a message alert system that
can send alerts to notify a user (e.g., a hiring manager) of
events that may spur the user to take actions in the recruiting
tool. For example, the alerts may include notifications and
emails such as ‘There are X new candidates for you to
review.” In additional or alternative embodiments, alerts and
notifications that are sent at other possible stages of recruit-
ing trigger user reengagement with the recruiting tool. For
instance, alerts may be sent when no candidate streams exist,
when relevant candidates have not yet been messaged by the
user (e.g., no LinkedIn InMail messages sent to qualified,
suggested candidates), and when interested candidates have
not been responded to (e.g., when no reply has been sent to
accepting recipients of LinkedIn InMail messages).

Embodiments pertain to recruiting, but the techniques
could be applied in a variety of settings—not just in employ-
ment candidate search and intelligent matches contexts. The
technology is described herein in the professional network-
ing, employment candidate search, and intelligent matches
contexts. However, the technology described herein may be
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useful in other contexts also. For example, the technology
described herein may be useful in any other search context.
In some embodiments, the technology described herein may
be applied to a search for a mate in a dating service or a
search for a new friend in a friend-finding service.

Intelligent matching allows a user, such as, for example,
a recruiter or hiring manager, to create a candidate stream
from a minimal set of attributes. Intelligent matching rec-
ommends candidates to a user of a recruiting tool (e.g., a
recruiter or hiring manager), while accounting for the user’s
personal preferences and user interactions with the tool. In
some embodiments, suggested titles can be used to build a
candidate stream for a recruiter based on predicted positions
(e.g., titles) for which a recruiter may be hiring. For
example, the suggested stream may include candidates that
are suggested to the user based on the predicted positions.

Example techniques for predicting values for features
(e.g., locations, titles and other features) are described in
U.S. patent application Ser. Nos. 15/827,289 and 15/827,350
entitted “PREDICTING FEATURE VALUES IN A
MATRIX” and “MACHINE LEARNING TO PREDICT
NUMERICAL OUTCOMES IN A MATRIX-DEFINED
PROBLEM SPACE”, respectively, both filed on Nov. 30,
2017, which are incorporated herein by reference in their
entireties. The referenced documents describe techniques for
predicting numerical outcomes in a matrix-defined problem
space where the numerical outcomes may include any
outcomes that may be expressed numerically, such as Bool-
ean outcomes, integer outcomes or any other outcomes that
are capable of being expressed with number(s). The refer-
enced documents also describe a control server that stores
(or is coupled with a data repository that stores) a matrix
with multiple dimensions, where one of the dimensions
represents features, such as employers, job titles, universi-
ties attended, and the like, and another one of the dimensions
represents entities, such as individuals or employees. The
control server separates the matrix into multiple submatrices
along a first dimension (e.g. features). The referenced docu-
ments further describe techniques for title recommendation
and company recommendation. For title recommendation,
the referenced document describes techniques that train a
model over each member’s titles (rather than companies) in
his/her work history (e.g., members of a social networking
service). Title recommendation seeks to find a cause-effect
relationship between job history and future jobs, whereas
title similarity is non-temporal in nature.

In an example embodiment, a system is provided whereby
a stream of candidates is created from a minimal set of
attributes, such as, for example, a combination of title and
geographic location. As used herein, the terms ‘stream of
candidates’ and ‘candidate stream’ generally refer to sets of
candidates that can be presented or displayed to a user. The
user can be a user of an intelligent matches recruiting tool or
a user of a program that accesses an application program-
ming interface (API). For example, the user can be a
recruiter or a hiring manager that interacts with a recruiting
tool to view and review a stream of candidates being
considered for a position or job. Member profiles for a set of
candidate profiles can be represented as document vectors,
and urns for job titles (e.g., positions), skills, previous
companies, educational institutions, seniority, years of expe-
rience and industries to hire from, can be determined. In
additional or alternative embodiments, derived latent fea-
tures based on member profiles and hiring companies can be
used to predict a position (e.g., a job title) for which a
recruiter or hiring manager may be hiring.
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Embodiments can personalize results in a stream by
modifying query term weights. Techniques for QTW to
weigh query-based features are described in U.S. patent
application Ser. No. 15/845,477 filed on Dec. 18, 2017,
entitled “QUERY TERM WEIGHTING”, which is hereby
incorporated by reference in its entirety. The referenced
document describes weighting parameters in a query that
includes multiple parameters to address the problem in the
computer arts of identifying relevant records in a data
repository for responding to a search query from a user of a
client device. The referenced document further describes a
system wherein a server receives, from a client device, a
search query for employment candidates, where the search
query includes a set of parameters and each parameter in the
set of parameters has a weight. The referenced document
also describes that the server generates, from a data reposi-
tory storing records associated with professionals, a first set
of search results based on the set of parameters and the
weights of the parameters in the set. The server transmits, to
the client device, the first set of search results. The server
receives, from the client device, a response to search
result(s) from the first set of search results. The search
result(s) associated with a set of factors. The factor(s) in the
set may correspond to any parameters, for example, skills,
work experience, education, years of experience, seniority,
pedigree, and industry. The response indicates a level of
interest in the search result(s). For example, the response
may indicate that the user of the client device is interested
in the search result(s), is not interested in the search result(s),
or has ignored the search result(s). The server adjusts the
parameters in the set of parameters or adjusts the weights of
the parameters based on the response to the search result(s).
The server provides an output based on the adjusted param-
eters or the adjusted weights.

In accordance with an embodiment, a weight may be
associated with each query term which may be either an urn
or free text. For example, a search may be conducted with
query term weights {Java: 0.9, HTML: 0.4, CSS: 0:3} to
indicate that the skills Java, HTML, and Cascading Style
Sheets (CSS) are relevant to the position, but that java is
relatively more important than HTML and CSS. Query term
weights may be initialized to include query terms known
before the sourcing process begins. For instance, the system
may include a query term weight corresponding to the hiring
manager’s industry and the skills mentioned in the job
posting. Query term weights may be adjusted in response to
the answers given to stream refinement questions.

In some embodiments, there are four types of stream
refinement questions that may be asked, and attributes may
be extracted from answers to these questions. The first type
of stream refinement question that may be asked is regarding
areas of expertise (e.g., what skill sets are most important?).
An area of expertise is typically higher level than individual
skills. For example, skills might be CSS, HTML, and
JavaScript, whereas the corresponding area of expertise
might be web development. A second type of refinement
question that may be asked is regarding a user’s ideal
candidate (e.g., do you know someone that would be a good
fit for this job so that we can find similar people?), A third
type of refinement question that may be asked is regarding
organizations (e.g., what types of companies would you like
to hire from?). A fourth type of refinement question that may
be asked is regarding keywords (e.g., are there any keywords
that are relevant to this job?). The system may extract
attributes from answers to one or more of these types of
stream refinement questions.
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According to certain embodiments, the system may pro-
vide suggested answers for each stream refinement question.
For instance, for an ideal candidate question, the system may
present to the user three connections that may be a good fit
for the job or allow the user to type an answer. Example
processes for suggesting answers for questions are described
in U.S. patent application Ser. No. 15/827,350, entitled
“MACHINE LEARNING TO PREDICT NUMERICAL
OUTCOMES IN A MATRIX-DEFINED PROBLEM
SPACE”, filed on Nov. 30, 2017, which is incorporated
herein by reference in its entirety. The referenced document
describes techniques for using a physics simulation to sug-
gest answers for areas of expertise stream refinement ques-
tions. The referenced document also describes an example
where five iterations are performed before the physics
simulation of the forces is stopped. In the refenced docu-
ment, after the simulation of the forces is completed, the
sampled points are remapped to areas of expertise. The
referenced document describes presenting the three areas of
expertise closest to a title after the simulation to a user that
can then specify which, if any, of the areas of expertise are
applicable to the title. In addition to what is described in the
referenced document, certain embodiments include deciding
to ask a stream refinement question to improve a candidate
stream and incorporating the answer into the relevance for
which candidate is suggested next in the stream.

In an example embodiment, the system may ask the user
which of three areas of expertise is most relevant to the
position and adjust the query term weights based upon the
answer. Positive feedback about a candidate may increase
the weights of the query terms appearing on that profile
while negative feedback may decrease the weights of the
query terms appearing on that profile. In some embodiments,
the user may select attributes of a profile that are particularly
of interest to them. When attributes are selected the query
term weights of those attributes may be adjusted while the
query term weights related to the other attributes of the
profile may not be adjusted. A flowchart for an example
method for QTW is provided in FIG. 16, which is described
below.

Embodiments exploit correlations between certain attri-
butes of member profiles and other attributes. One such
correlation is the correlation between a member’s title and
the member’s skills. For example, within member profile
data, there exists a strong correlation between title and skills
(e.g., atitle+skills correlation). Such a title+skills correlation
can be used as a model for ordering candidates. Example
techniques for ordering candidates are described in U.S.
patent application Ser. No. 15/827,337, entitled “RANKING
JOB CANDIDATE SEARCH RESULTS”, filed on Nov. 30,
2017, which is incorporated herein by reference in its
entirety. The referenced document describes techniques for
predicting numerical outcomes in a matrix-defined problem
space, where the numerical outcomes may include any
outcomes that may be expressed numerically, such as Bool-
ean outcomes, integer outcomes or any other outcomes that
are capable of being expressed with number(s). The refer-
enced document also describes techniques for solving the
problem of ordering job candidates when multiple candi-
dates are available for an opening at a business. In one
example, a server receives, from a client device, a request
for job candidates for an employment position, the request
comprising search criteria. The server generates, based on
the request, a set of job candidates for the employment
position. The server provides, to the client device, a prompt
for ordering the set of job candidates. The server receives,
from the client device, a response to the prompt. The server
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orders the set of job candidates based on the received
response. The server provides, for display at the client
device, an output based on the ordered set of job candidates.
Some advantages and improvements include the ability to
order job candidates based on feedback from the client
device and the provision of prompts for this feedback.

Query facets may be generated as part of the inferred
search query. As a first step towards generating a bootstrap
query for intelligent matches, an embodiment includes simi-
lar titles. Additional facet values increase the recall set at the
cost of increased computation. In an embodiment, additional
facets may be added or removed to target a specific recall set
size. For example, if a given query which includes only titles
is returning 26,000 candidates, but only 6,400 candidates
can be scored in time to return a response to the user without
incurring high latency, then additional facets may be added
to lower the size of the recall set. Also, for example, if a
query is returning only 150 candidates for a given title, then
additional similar titles may be included since the current
query is below the 6,400 candidate limit. Techniques for
expanding queries to return additional results (e.g., sug-
gested candidates) by adding additional facets are further
described in U.S. patent application Ser. No. 15/922,732,
entitled “QUERY EXPANSION”, filed on Mar. 15, 2018,
which is incorporated herein by reference in its entirety.

In an example embodiment, a system is provided
whereby, given attributes from a set of input recent hires, a
search query is built capturing the key information in the
candidates’ profiles. The query is then used to retrieve
and/or order results. In this manner, a user (e.g., a searcher)
may list one or several examples of good candidates for a
given position. For instance, hiring managers or recruiters
can utilize profiles of existing members of the team to which
the position pertains. In this new paradigm, instead of
specifying a complex query capturing the position require-
ments, the searcher can simply pick out a small set of recent
hires for the position. The system then builds a query
automatically extracted from the input candidates and
searches for result candidates based on this built query.

In some example embodiments, the query terms of an
automatically constructed query can also be presented to the
searcher, which helps explain why a certain result shows up
in a search ordering, making the system more transparent to
the searcher. Further, the searcher can then interact with the
system and have control over the results by modifying the
initial query. Some example embodiments may additionally
show the query term weights to the searcher and the searcher
interact with and control the weights. Other example
embodiments may not show the query term weights to the
searcher, but may show only those query terms with the
highest weights.

Some embodiments present a candidate stream to a
recruiter that includes candidates selected based on qualifi-
cations, positions held, interests, cultural fit with the recruit-
er’s organization, seniority, skills, and other criteria. In some
embodiments, the recruiter is shown a variety of candidates
early in a calibration process in order to solicit the recruiter’s
feedback about which types of candidates are a good or bad
fit for a position the recruiter is seeking to fill. In examples,
this may be accomplished by finding clusters, such as, but
not limited to, skills clusters, in a vector space. For instance,
the feedback may include the recruiter’s stream interactions
(e.g., candidate views, selections and other interactions with
candidate profiles presented as part of the stream). In other
examples, QTW is used to assign weights to terms of a
candidate search query, and skills clusters are not needed.
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In accordance with certain embodiments, a candidate
stream includes suggested candidates based on comparing
member profile attributes to features of a job opening. The
comparison may compare attributes and features such as, but
not limited to, geography, industry, job role, job description
text, member profile text, hiring organization size (e.g.,
company size), required skills, desired skills, education
(e.g., schools, degrees, and certifications), experience (e.g.,
previous and current employers), group memberships, a
member’s interactions with the hiring organization’s web-
site (e.g., company page interactions), past job searches by
a member, past searches by the hiring organization, and
interactions with feed items.

According to some embodiments, a recruiting tool outputs
a candidate stream that includes candidate suggestions and
a model strength. In some such embodiments, the model
strength communicates to a user of the tool the model
calibration. For example, the tool may prompt the user to
review a certain number of additional candidates (e.g., five
more candidates) in order to improve the recommendations
in the stream. An example model used by the tool seeks to
identify ideal candidates, by taking as input member IDs of
recent hires and/or member IDs of previously suggested
candidates, accessing member profiles for those member
1Ds, and then extracting member attributes from the profiles.
Example member attributes include skills, education, job
titles held, seniority, and other attributes. After extracting the
attributes, the model generates a candidate search query
based on the attributes, and then performs a search using the
generated query.

In accordance with certain embodiments, a candidate
stream primarily includes candidates that are not among the
example, input member IDs provided, That is, a recruiting
tool may seek to create a suggested candidate stream that
primarily excludes member IDs of recent hires and member
IDs of suggested candidates that were previously reviewed
by a user (e.g., a recruiter). However, in some cases, it may
be desirable to include certain re-surface candidates in the
stream. For example, it may be desirable to include previ-
ously suggested candidates that a recruiter deferred or
skipped rather than accepting or rejecting outright. In this
example, recruiter feedback received at the tool for a can-
didate can include acceptance, deferral, or rejection of a
presented candidate by a user (e.g., recruiter feedback), and
highly-ranked candidates that were deferred or skipped may
be included as re-surface candidates in a subsequent candi-
date stream. Embodiments may use candidate scores, such
as, for example, expertise scores and/or skill reputation
scores, in combination with a machine learning model to
determine how often, or in what circumstances, to include
such re-surface candidates in a suggested candidate stream.

In some example embodiments, machine-learning pro-
grams (MLP), also referred to as machine-learning algo-
rithms, models, or tools, are utilized to perform operations
associated with searches, such as job candidate searches.
Machine learning is a field of study that gives computers the
ability to learn without being explicitly programmed.
Machine learning explores the study and construction of
algorithms, also referred to herein as tools and machine
learning models, that may learn from existing data and make
predictions about new data. Such machine-learning tools
operate by building a model from example training data in
order to make data-driven predictions or decisions expressed
as outputs or assessments. Although example embodiments
are presented with respect to a few machine-learning tools,
the principles presented herein may be applied to other
machine-learning tools.
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In some example embodiments, different machine-learn-
ing tools may be used. For example, Logistic Regression
(LR), Naive-Bayes, Random Forest (RF), neural networks
(NN), matrix factorization, and Support Vector Machines
(SVM) tools may be used for classifying or scoring candi-
date skills and job candidates.

Some embodiments seek to predict, job changes by pre-
dicting how likely each candidate in a stream is to be moving
to a new job in the near future. Some such embodiment
predicts a percentage probability that a given candidate will
change jobs within the next K months (e.g., 3 months, 6
months, or a year). Some of these embodiments predict job
changes based on candidate attributes such as, but not
limited to, time at current position, periodicity of job
changes at previous positions, career length (taking into
consideration that early-career people tend to change jobs
more often), platform interactions (e.g., member interactions
indicating a job search is underway), month of year (taking
into consideration that job changes in some industries and
fields are more often during certain seasons, quarters, and
months of the year), upcoming current position anniversa-
ries (e.g., stock vesting schedules, retirement plan match
schedules, bonus pay out schedules), company-specific sea-
sonal patterns (e.g., a company’s annual bonus pay out may
be a known date on which many people leave), and industry-
or title-specific patterns (e.g., a time of year when most
people in a job title change jobs).

Certain embodiments also seek to predict geographic
moves of candidates so that those candidates can be con-
sidered for inclusion in a stream. For example, these
embodiments may predict how likely each candidate is to
geographically move from their current location to a loca-
tion of a job opening. In this example, the candidate that is
likely to move should match the organization’s candidate
queries for that job even if that candidate’s current location
does not match the job location. Additional or alternative
embodiments also seek to predict how likely each candidate
is to move to multiple, specific areas (e.g., more than one
geographic region, metropolitan area, or city). For instance,
these embodiments may predict that there is a 20% chance
that a given candidate will move to the San Francisco Bay
Area in the next K months, and a 5% chance the candidate
will move to the Greater Los Angeles Area in the next K
months. Some of these embodiments predict geographic
moves based on the candidate attributes described above
with reference to predicting job changes. Additional or
alternative embodiments also predict geographic moves
based on candidate attributes such as, but not limited to, the
candidate’s past locations (e.g., geographic locations where
the candidate has lived, worked, or studied) and the candi-
date’s frequency or periodicity of previous moves.

Certain embodiments also seek to promote active job
seekers higher in the stream. Users on a professional social
network may be asked to identify themselves as candidates
open to new opportunities. An open candidate may also
specify that they prefer to work in a certain industry,
geographic region, or field.

Some embodiments determine a job description strength
and company description strength by extracting features of
the job and company from the job and company descrip-
tions. The description strength and company description
strength are used to predict higher response rates and
positive acceptance rates to a job posting. The strength
values are based on comparing a bag of words to words in
the descriptions, length of the descriptions, and comparing
the descriptions to other job and company descriptions in the
same industry or field. The feature extraction can be based
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on performing job description parsing to parse key features
out of a job description. Such key features may include title,
location, and skills.

FIG. 1 is a block diagram illustrating a client-server
system 100, in accordance with an example embodiment. A
networked system 102 provides server-side functionality via
a network 104 (e.g., the Internet or a wide area network
(WAN)) to one or more clients. FIG. 1 illustrates, for
example, a web client 106 (e.g., a browser) and a program-
matic client 108 executing on respective client machines 110
and 112.

An API server 114 and a web server 116 are coupled to,
and provide programmatic and web interfaces respectively
to, one or more application servers 118. The application
server(s) 118 host one or more applications 120. The appli-
cation server(s) 118 are, in turn, shown to be coupled to one
or more database servers 124 that facilitate access to one or
more databases 126. While the application(s) 120 are shown
in FIG. 1 to form part of the networked system 102, it will
be appreciated that, in alternative embodiments, the appli-
cation(s) 120 may form part of a service that is separate and
distinct from the networked system 102.

Further, while the client-server system 100 shown in FIG.
1 employs a client-server architecture, the present disclosure
is, of course, not limited to such an architecture, and could
equally well find application in a distributed, or peer-to-peer,
architecture system, for example. The various applications
120 could also be implemented as standalone software
programs, which do not necessarily have networking capa-
bilities.

The web client 106 accesses the various applications 120
via the web interface supported by the web server 116.
Similarly, the programmatic client 108 accesses the various
services and functions provided by the application(s) 120 via
the programmatic interface provided by the API server 114.

FIG. 1 also illustrates a third-party application 128,
executing on a third-party server 130, as having program-
matic access to the networked system 102 via the program-
matic interface provided by the API server 114. For
example, the third-party application 128 may, utilizing infor-
mation retrieved from the networked system 102, support
one or more features or functions on a website hosted by a
third-party. The third-party website may, for example, pro-
vide one or more functions that are supported by the relevant
applications 120 of the networked system 102.

In some embodiments, any website referred to herein may
comprise online content that may be rendered on a variety of
devices including, but not limited to, a desktop personal
computer (PC), a laptop, and a mobile device (e.g., a tablet
computer, smartphone, etc.). In this respect, any of these
devices may be employed by a user to use the features of the
present disclosure. In some embodiments, a user can use a
mobile app on a mobile device (any of the client machines
110, 112 and the third-party server 130 may be a mobile
device) to access and browse online content, such as any of
the online content disclosed herein. A mobile server (e.g.,
API server 114) may communicate with the mobile app and
the application server(s) 118 in order to make the features of
the present disclosure available on the mobile device. In
some embodiments, the networked system 102 may com-
prise functional components of a social networking service.

FIG. 2 is a block diagram illustrating components of an
online system 210 (e.g., a social network system hosting a
social networking service), according to some example
embodiments. The online system 210 is an example of the
networked system 102 of FIG. 1. In certain embodiments,
the online system 210 may be implemented as a social
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network system. As illustrated in FIG. 2, the functional
components of a social network system may include a data
processing block referred to herein as a search engine 216,
for use in generating and providing search results for a
search query, consistent with some embodiments of the
present disclosure, in some embodiments, the search engine
216 may reside on the application server(s) 118 in FIG. 1.
However, it is contemplated that other configurations are
also within the scope of the present disclosure.

As shown in FIG. 2, a front end may comprise a user
interface module or block (e.g., a web server 116) 212,
which receives requests from various client computing
devices, and communicates appropriate responses to the
requesting client devices. For example, the user interface
module(s) 212 may receive requests in the form of Hyper-
text Transfer Protocol (HTTP) requests or other web-based
API requests. In addition, a member interaction detection
functionality is provided by the online system 210 to detect
various interactions that members have with different appli-
cations 120, services, and content presented. As shown in
FIG. 2, upon detecting a particular interaction, such as a
member interaction, the online system 210 logs the interac-
tion, including the type of interaction and any metadata
relating to the interaction, in a member activity and behavior
database 222.

An application logic layer may include the search engine
216 and one or more various application server module(s)
214 which, in conjunction with the user interface module(s)
212, generate various user interfaces (e.g., web pages) with
data retrieved from various data sources in a data layer. In
some embodiments, individual application server module(s)
214 are used to implement the functionality associated with
various applications 120 and/or services provided by the
social networking service. Member interaction detection
happens inside the user interface module(s) 212, the appli-
cation server module(s) 214, and the search engine 216, each
of which can fire tracking events in the online system 210.
That is, upon detecting a particular member interaction, any
of the user interface module(s) 212, the application server
module(s) 214, and the search engine 216, can log the
interaction, including the type of interaction and any meta-
data relating to the interaction, in a member activity and
behavior database 222.

As shown in FIG. 2, the data layer may include several
databases, such as a profile database 218 for storing profile
data, including both member profile data and profile data for
various organizations (e.g., companies, research institutes,
government organizations, schools, etc.). Consistent with
some embodiments, when a person initially registers to
become a member of the social networking service, the
person will be prompted to provide some personal informa-
tion, such as his or her name, age (e.g., birthdate), gender,
interests, contact information, home town, address, spouse’s
and/or family members’ names, educational background
(e.g., schools, majors, matriculation and/or graduation dates,
etc.), employment history, skills, professional organizations,
and so on. This information is stored, for example, in the
profile database 218. Similarly, when a representative of an
organization initially registers the organization with the
social networking service, the representative may be
prompted to provide certain information about the organi-
zation. This information may be stored, for example, in the
profile database 218, or another database (not shown). In
some embodiments, the profile data may be processed (e.g.,
in the background or offline) to generate various derived
profile data. For example, if a member has provided infor-
mation about various job titles that the member has held with
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the same organization or different organizations and for how
long, this information can be used to infer or derive a
member profile attribute indicating the member’s overall
seniority level, or seniority level within a particular organi-
zation. In some embodiments, importing or otherwise
accessing data from one or more externally hosted data
sources may enrich profile data for both members and
organizations. For instance, with organizations in particular,
financial data may be imported from one or more external
data sources and made part of an organization’s profile. This
importation of organization data and enrichment of the data
will be described in more detail later in this document.

Once registered, a member may invite other members, or
be invited by other members, to connect via the social
networking service. A ‘connection’ may constitute a bilateral
agreement by the members, such that both members
acknowledge the establishment of the connection. Similarly,
in some embodiments, a member may elect to ‘follow’
another member. In contrast to establishing a connection,
‘following’ another member typically is a unilateral opera-
tion and, at least in some embodiments, does not require
acknowledgement or approval by the member that is being
followed. When one member follows another, the member
who is following may receive status updates (e.g., in an
activity or content stream) or other messages published by
the member being followed, or relating to various activities
undertaken by the member who is being followed. Similarly,
when a member follows an organization, the member
becomes eligible to receive messages or status updates
published on behalf of the organization. For instance, mes-
sages or status updates published on behalf of an organiza-
tion that a member is following will appear in the member’s
personalized data feed, commonly referred to as an activity
stream or content stream. In any case, the various associa-
tions and relationships that the members establish with other
members, or with other entities and Objects, are stored and
maintained within a social graph in a social graph database
220.

As members interact with the various applications 120,
services, and content made available via the social network-
ing service, the members’ interactions and behavior (e.g.,
content viewed, links or buttons selected, messages
responded to, etc.) may be tracked, and information con-
cerning the members’ activities and behavior may be logged
or stored, for example, as indicated in FIG. 2, by the member
activity and behavior database 222. This logged activity
information may then be used by the search engine 216 to
determine search results for a search query.

In some embodiments, the databases 218, 220, and 222
may be incorporated into the database(s) 126 shown in FIG.
1. However, other configurations are also within the scope of
the present disclosure.

Although not shown, in some embodiments, the online
system 210 provides an API block via which applications
120 and services can access various data and services
provided or maintained by the social networking service.
For example, using an API, an application may be able to
request and/or receive one or more candidate selections.
Such applications 120 may be browser-based applications
120, or may be operating system specific. In particular, some
applications 120 may reside and execute (at least partially)
on one or more mobile devices (e.g., phone or tablet
computing devices) with a mobile operating system. Fur-
thermore, while in many cases the applications 120 or
services that leverage the API may be applications 120 and
services that are developed and maintained by the entity
operating the social networking service, nothing other than
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data privacy concerns prevents the API from being provided
to the public or to certain third parties under special arrange-
ments, thereby making the candidate selections available to
third-party applications 128 and services.

Although the search engine 216 is referred to herein as
being used in the context of a social networking service, it
is contemplated that it may also be employed in the context
of any website or online services. Additionally, although
features of the present disclosure are referred to herein as
being used or presented in the context of a web page, it is
contemplated that any user interface view (e.g., a user
interface on a mobile device or on desktop software) is
within the scope of the present disclosure.

In an example embodiment, when member profiles are
indexed, forward search indexes are created and stored. The
search engine 216 facilitates the indexing and searching for
content within the social networking service, such as the
indexing and searching for data or information contained in
the data layer, such as profile data (stored, e.g., in the profile
database 218), social graph data (stored, e.g., in the social
graph database 220), and member activity and behavior data
(stored, e.g., in the member activity and behavior database
222). The search engine 216 may collect, parse, and/or store
data in an index or other similar structure to facilitate the
identification and retrieval of information in response to
received queries for information. This may include, but is
not limited to, forward search indexes, inverted indexes,
N-gram indexes, and so on.

FIG. 3 is a block diagram illustrating the application
server block or module 214 of FIG. 2 in more detail. While
in many embodiments, the application server module 214
will contain many subcomponents used to perform various
different actions within the online system 210, in FIG. 3 only
those components that are relevant to the present disclosure
are depicted. Here, a server profile search component 300
works in conjunction with a client profile search component
302 to perform one or more searches on member profiles
stored in, for example, the profile database 218 of FIG. 2.
The server profile search component 300 may be, for
example, part of a larger software service that provides
various functionality to employers or recruiters. The client
profile search component 302 may include a user interface
and may be located on a client device. For example, the
client profile search component 302 may be located on a
searcher’s mobile device or desktop/laptop computer. In
some example embodiments, the client profile search com-
ponent 302 may itself be, or may be a part of, a stand-alone
software application on the client device. In other example
embodiments, the client profile search component 302 is a
web page and/or web scripts that are executed inside a web
browser on the client device. Regardless, the client profile
search component 302 is designed to accept input from the
searcher and to provide visual output to the searcher.

In an example embodiment, the input from the client
profile search component 302 includes an identification of
one or more suggested candidates for a job opening. This
identification may be accomplished in many ways. In some
example embodiments, the input may be an explicit identi-
fication of one or more member profiles stored in the profile
database 218. This explicit identification may be determined
by the searcher, for example, browsing or otherwise locating
specific suggested candidate profiles that the searcher feels
match a position the searcher is currently seeking to fill. For
example, the searcher may know the identity of individuals
on a team in which the open position is available, and may
navigate to and select the profiles associated with those team
individuals. In another example embodiment, the searcher
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may create one or more hypothetical ‘suggested candidate’
profiles and use those as the input. In another example
embodiment, the searcher may browse or search profiles in
the profile database 218 using traditional browsing or
searching techniques. In some example embodiments, the
explicit identification may be provided by the job poster.

The server profile search component 300 may contain an
attribute extractor 304. The attribute extractor 304 may be
implemented as a system component or block that is con-
figured to extract one or more attributes from one or more
profiles of one or more suggested candidates (i.e., one or
more suggested candidate member profiles). For instance,
the attribute extractor 304 may be configured to extract raw
attributes, including, for example, skills, companies, titles,
schools, industries, etc., from the profiles of the one or more
suggested candidates. These raw attributes are then passed to
a query builder 306. In additional or alternative embodi-
ments, the attribute extractor 304 is configured to extract
additional attributes from a job posting, stream refinement
questions, recent hire documents, a user’s member profile
(e.g., a recruiter’s Linkedln profile), a hiring organization’s
web page (e.g., a company page), and other information
sources. For instance, the attribute extractor 304 may be
configured to extract attributes from a fully-fledged job
posting with a textual description of the job requirements
and fields specifying numerous attributes such as industry,
full-time vs part-time, salary range, seniority level, and
education requirements. In some embodiments the job post-
ing is retrieved from one of the databases 318 (e.g., the jobs
database shown in the example of FIG. 3).

The databases 318 may include separate databases, such
as the profile database 218, the social graph database 220,
and the member activity and behavior database 222
described above with reference to FIG. 2, in addition to a
jobs database, a careers database, and an online learning
database. For example, candidate member profiles, recent
hire documents, and recruiter profiles may be accessed by
using a profile service to retrieve records from the profile
database 218. Also, for example, stream refinement ques-
tions and answers to such questions used by the attribute
extractor 304 may be accessed using an online learning
service and retrieved from an online learning database.
Further, for example job postings used by the attribute
extractor 304 may be accessed using a jobs service to
retrieve job posting data from a jobs database. Additionally,
an organization page of the hiring organization (e.g., a
company page of a hiring company) may be accessed via
careers services that query a careers database.

The system of FIG. 3 can use a subset of the above-noted
databases and information sources as data inputs. However,
increasing the number of inputs provided to the attribute
extractor 304 increases the accuracy of attributes passed to
the query builder 306.

The query builder 306 may be implemented as a system
component or block that is configured to aggregate the raw
attributes across the input candidates, expand them to simi-
lar attributes, and then select the top attributes that most
closely represent the suggested candidates. In example
embodiments, for each attribute type, the query builder 306
aggregates the raw attributes across the input candidates,
expands them to similar attributes, and finally selects the top
attributes that most closely represent the suggested candi-
dates.

After a candidate query is generated, in an example
embodiment, the generated query may be shown to the
searcher via the client profile search component 302 and the
searcher may have the opportunity to edit the generated
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query. This may include adding or removing some attributes,
such as skills and companies, to or from the query. As part
of this operation, a query processor 308 may perform a
search on the query and present raw results to the searcher
via the client profile search component 302. These raw
results may be useful to the searcher in determining how to
edit the generated query.

According to certain embodiments, a recruiting tool gen-
erates a series of questions and presents them to a tool user,
such as a recruiter or hiring manager, in order to generate a
candidate query or to to edit a generated query. For instance,
an interface of the tool can prompt the user with questions
to determine how senior of a candidate the user needs for a
position, whether a college degree is required for the posi-
tion, and whether the user wants a generalist or an expert for
the position. The recruiting tool may analyze outcomes (e.g.,
user responses and hires) to determine which questions
asked of users (e.g., hiring managers) best improve the
outcomes. A user such as a hiring manager may only have
bandwidth to answer a certain number of questions, and the
most valuable question(s) may vary by position (e.g., job
title).

In some example embodiments, stream refinement ques-
tions are presented in an interface to a searcher in order to
refine a candidate query. For instance, responses to refine-
ment questions received from the searcher can be used to
refine a generated query. In another example embodiment, a
machine learning model is trained to make ‘smart sugges-
tions’ to the searcher as to how to modify the generated
query. The model may be trained to output suggestions
based on any number of different facets, such as job title,
position, company or organization (e.g., a firm, corporation,
university, government agency, or other entity), industry,
location, school, and skill.

Some embodiments ask the user to provide the most
relevant area of expertise. For example, if the user enters the
title “Software Engineer” the user may be asked whether
“Frontend Development”, “Backend Development”, or
“Machine Learning” is most relevant to the role being filled
with the option to enter an area of expertise not mentioned.
Some embodiments ask the user what type of company they
most would like to hire from with three example companies
given with the option to choose a company not listed. Some
embodiments ask the user which of their connections on a
professional network would be the best fit for the role being
filled.

Embodiments may ask the user a refinement question
prompting for additional input if the stream they have
selected or entered is underspecified or if additional infor-
mation would improve results. E.g. if the user specified the
title “Architect”, the system may determine a vague title has
been entered that could refer to either a Software Architect
or Building Architect and the asking of a stream refinement
question would be triggered.

Usage data can be gathered regarding actions taken by
searchers when presented with a suggestion, including (1)
adding the suggestion, (2) deleting the suggestion, or (3)
ignoring the suggestion. Intuitively, if a searcher adds a
suggestion, it is probably a desired one, and thus can be
considered a positive training sample. If the searcher deletes
the suggestion, it is probably not a desired one, and thus can
be considered a negative training sample. For ignored sug-
gestions, if the suggestion is positioned lower than an added
suggestion (e.g., ‘Santa Clara University’ is positioned
lower than added ‘University of California, Santa Cruz’),
then it is not certain whether the suggestion was really
ignored by searchers or useless in the setting of the query.
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Thus, this data can be ignored. If, however, the ignored
suggestion is positioned higher than an added suggestion, it
can be treated as a negative training sample. In some
embodiments, there may be more than one added sugges-
tion. For example, an ignored suggestion could be posi-
tioned both higher and lower than (i.e., between) added
suggestions.

After the query is modified, the query processor 308 may
refresh the search results. A search results ordering system
310 may act to order the search results, taking into account
both the query (including potentially the generated query
and the modified generated query) and the input suggested
candidates when ordering the search results.

Referring back to the query builder 306, given the raw
attributes from the profiles of the suggested candidates, the
query builder 306 generates a query containing skills, orga-
nizations (e.g., companies), job titles, geographic locations,
etc., that best represents the suggested candidates. As shown
in FIG. 3, the query builder 306 may comprise a skills
generator 312, a title generator 313, an organization gen-
erator 314, and a location generator 315. The title generator
313 is designed to generate job titles and roles to be added
to the generated query. The organization generator 314 is
designed to generate organizations (e.g., companies) to be
added to the generated query. The location generator 315 is
designed to generate geographic locations (e.g., cities, met-
ropolitan areas) to be added to the generated query. In
additional or alternative embodiments, generators for addi-
tional attributes can exist within the query builder 306 for
other attribute types. For example, an education generator
(not shown) can be used to generate educational attributes
(e.g., degrees, educational institutions, certifications) for a
query. Also, for example, the query builder 306 may further
comprise a years of experience generator (not shown), a
seniority generator (not shown), and an industry generator
(not shown). For instance, an industry generator can be used
to generate industries to be added to the generated query
based on profile attributes of the suggested candidates and
organization attributes.

The skills generator 312 is designed to generate skills to
be added to the generated query. The social networking
service may allow members to add skills to their profiles.
Typical examples of skills that, for example, an information
technology (IT) recruiter might search could be ‘search,’
‘information retrieval,” ‘machine learning,” etc. Members
may also endorse skills of other members in their network
by, for example, asserting that the member does indeed have
the specified skills. Thus, skills may be an important part of
members’ profiles that showcase their professional exper-
tise. A technical challenge encountered, however, is that
suggested candidates may not explicitly list all of the skills
they have on their profiles. Additionally, some of their skills
may not be relevant to their core expertise. For example, an
IT professional may list ‘nonprofit fundraising’ as a skill.

To overcome these challenges, expertise scores for the
suggested candidate may be estimated based on explicit
skills (skills the suggested candidate has explicitly listed in
a member profile or resume) as well as implicit skills (skills
the suggested candidate is likely to have, but has not
explicitly linked).

Certain embodiments determine a candidate’s skill
strength by determining the candidate’s strongest skills.
These embodiments determine a given candidate’s skill
strength based on member profile attributes such as, but not
limited to, numbers of endorsements for skills, inferences
based on related skills (e.g., if a candidate knows Enterprise
JavaBeans/EJB, JUnit, Eclipse, and Java 2. Platform, Enter-
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prise Edition (J2EE), then an inference may be made that the
candidate has strong Java skills), the member’s profile text,
and the member’s interactions with a social networking
service (e.g., an online professional network), and an exper-
tise score. Examples of how expertise scores can be calcu-
lated are described below with reference to FIGS. 9 and 10.

In some embodiments, probabilities of occurrences of
clusters of skills may be determined for suggested candi-
dates. The suggested candidates can be conceptualized as a
training dataset used to determine probabilities of occur-
rences of skills amongst suggested candidates for a given
organization. In an example, such skills possessed by sug-
gested candidates may be correlated with titles (e.g., soft-
ware developer or software engineer). For instance, for a
given title, (e.g., software developer) and its related titles
(e.g., software engineer), skills can be clustered. For the
given title, clusters of the skills may follow a power law
distribution, with few of the skills being highly prevalent
(i.e., having relatively higher probabilities of occurrences)
amongst the population of suggested candidates, followed
by a heavy tail of less prevalent skills with lower probabili-
ties of occurrences.

Some embodiments may identify distributions of numbers
of unique explicit skills observed among suggested candi-
dates. For example, on a per member basis, the average
number of explicit skills for a member may be identified,
and the distribution may show that about 50% of the member
profiles have more than a certain number of skills (e.g., 20
skills). In an embodiment, a skill reputation score can be
used to identify relevant and important skills amongst those
associated with a member’s profile and a given title. In an
embodiment, a user interface can present coverage of
regional data for a given title identifier (title ID) in stan-
dardized data.

Certain embodiments determine a probability of hire
score based on hiring patterns for similar jobs, industries,
and organizations (e.g., similar companies). The probability
of hire score may be calculated based on how many profiles
need to be reviewed and messages (e.g., Linkedin InMail
messages) sent in order to have a high likelihood of a
successful hire. This score may then be presented to a user
with calls to action about reviewing more profiles and
sending more messages. Some embodiments determine a
hire likelihood as a percentage chance of filling a given job
opening (e.g., an open role or position) in a certain time
frame. Some of these embodiments determine, based on
member profile attributes and features of the open position,
the probability percentage of filling the position in the next
30 days. According to these embodiments, the role features
can include one or more of a title (e.g., job title or position),
geography (e.g., geographic region or city where the job is
located), industry, organization size (e.g., hiring company
size), job role, historical average for the hiring entity (e.g.,
company, department, or hiring manager), activity on plat-
form, and candidate scores (e.g., expertise scores or skill
reputation scores) of candidates next up in a suggested
candidate stream.

Example Intelligent Matches System

FIG. 4 is a block diagram illustrating an intelligent
matches system 400, in accordance with an embodiment. As
shown, the intelligent matches system 400 includes an
intelligent matches front end 402 that can be used to view a
new candidate stream 404, an existing candidate stream 406,
and to perform candidate review 408 via a stream service
414 that includes relevancy models 420 as a component

10

15

20

25

30

35

40

45

50

55

60

65

24

contained within the stream service 414. In the example
illustrated in FIG. 4, the relevancy models 420 can include
a relevance engine.

As shown, the intelligent matches system 400 also
includes a candidate management service 422 between the
stream service 414 and status data 418. In the example of
FIG. 4, the candidate management service 422 includes a
database that is configured to store the status data 418. As
depicted in FIG. 4, the candidate management service 422
can receive prospect tagging and other status data 416 from
the stream service 414. The stream service 414 can receive
start data 410 (e.g., a title and location for a new candidate
search) for the new candidate stream 404, a stream identifier
(stream ID) 411 for the existing candidate stream 406, and
exchange prospects and ratings data 412 resulting from the
candidate review 408.

The intelligent matches system 400 can automatically
create a generated and evolving candidate search query for
the new candidate stream 404, while also allowing optional
customization. For example, the search query can use
explicit query parameters and filters (e.g. a ‘software engi-
neer’ job title parameter). The search query can also infer
implicit or soft parameters, and ordering indicators. For
instance, the intelligent matches system 400 may order
candidates in the new candidate stream 404 or the existing
candidate stream 406 by titles, but not filter candidates based
on prior titles, inferred skills, and other attributes.

The intelligent matches system 400 can create the new
candidate stream 404 for a new role (e.g., a new job opening
or new position). The new candidate stream 404 can be
created based on basic information, such as, for example, the
new role’s title and location, together with an optional job
description. The new candidate stream 404 can also be
created or tuned based on the user selecting example can-
didates. In additional or alternative embodiments, the new
candidate stream 404 can be based at least in part on
candidate queries from recent searches that are automati-
cally accessed by the intelligent matches system 400.

The intelligent matches system 400 can be accessed via
the intelligent matches front end 402 by a user such as a
recruiter, small business owner, or a hiring manager. The
intelligent matches system 400 is able to create the new
candidate stream 404 with a flow of candidates based on
minimal initial contributions and inputs. For example, the
intelligent matches system 400 infers criteria with informa-
tion derived from the hiring manager’s organization (e.g.,
company), job descriptions, other organizations and com-
panies in similar industries, and feedback supplied by the
hiring manager. At the very base level, only a standardized
job title and location are required to start the new candidate
stream 404.

As the user is fed a constant stream of candidates from the
new candidate stream 404, the user is assessing each one of
the candidates as part of the candidate review 408. The
interaction information regarding prospects and ratings data
412, is passed to the stream service 414 so that the prospects
and ratings data 412 can be fed back into the relevancy
models 420. As note above and shown in FIG. 4, the
relevancy models 420 may include a relevance engine. The
relevance engine can include a logic backend that deter-
mines which candidates end up in a new candidate stream
404 or an existing candidate stream 406 in order to continue
to improve the stream.

The new candidate stream 404 can be based on suggested
streams (described below), after the user starts by creating
the new candidate stream 404 from a standardized job title
and location combination. In the event that the user has a
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company that is standardized, and the intelligent matches
system 400 has data on the company, the stream service 414
can also implicitly leverage the company’s industry and
other metadata to improve the immediate quality of the new
candidate stream 404 and the existing candidate stream 406.

In some embodiments, for each new candidate stream 404
created by the intelligent matches system 400, a standard-
ized title (e.g., job title for the position to be filled) and
location are required to frame the position. The stream

26

rating flow via the stream service 414 is having at returning
quality candidates to the existing candidate stream 406. That
success is measured by the amount of positive ratings a user
provides during the candidate review 408. Embodiments
may use this information to send an initial payload as a
POST into an API layer of an application. The API will
forward a request in one part: by sending a new request into
the stream service 414 (which may include a stream engine)
in order to identify the creation of the new candidate stream
404. This leverages the same endpoint as resuming an

service 414 may use suggested titles and locations to auto- 10 existing candidate stream 406, just with the addition of a
matically broaden the search. That is, the title and location stream 1D 411. The stream service 414 may then call create
used to frame the new candidate stream 404 are the job title a new project and associate it with the newly created stream.
the candidate will have and the location where they will be There can be additional query data included if any of the
working, as opposed to current titles of candidates. Embodi- aforementioned questions are asked.
ments may use typeahead endpoints to allow the user to 15  Example endpoints that can be used by the intelligent
enter standardized values for both of these fields (e.g., title matches system 400 are provided in Table 1 below, Table 1
and location). If the user’s standardized company contains provides example endpoint names, but the actual resource
information about that company, the intelligent matches names are not provided in Table 1 for brevity.
TABLE 1
Example Endpoints
Endpoint Schema Description Return
fetchProspect streamld [ Urn ] Get the next A fully
prospect in a decorated
stream prospect
fetchUserStreams contractld [ long |  Fetch all of the A list of title,
start [ int ] streams on a location and
count [ int ] specific contract stream id to
for this user. be displayed.
fetchSuggestedStreams contractld [ long ] Fetch all the A list of title/
start [ int ] Suggested streams Location
count [ int ] for a given combinations
contract for a
suggested
stream
system 400 can personalize the new candidate stream 404 Following the creation of the new candidate stream 404,
based on this information. Beneficially, this enables the the user is dropped into a sourcing flow where they will start
intelligent matches system 400 to immediately improve the to recetve caqdldates one at a time from the stream 404.
relevancy models 420 instead of needing to wait for addi- Action is required on a candidate in order to move on to the
tional indicators. The standardized company can be derived next candldate?. The current candidate for each stream is
from their contract settings (e.g., settings for the user’s trackeq, allowing the user to return to where they left off at
. & £, setung any point.
contract granting access to the 1nte111gegt matches syst.em Moving through a candidate stream is performed as part
400) or from the user’s member profile, with the latter being 45 of the candidate review 408. In some embodiments, as the
riskier for correctly determining the current position. There stream service 414 returns each candidate to the user (as part
may be a situation where the intelligent matches system 400 of the exchange of prospects and ratings data 412), the user
incorporates some additional questions after the initial cre- needs to rate the candidate in one of at least three (or
ation of the new candidate stream 404 to better frame the possibly more) ways:
stream. However, the intelligent matches system 400 seeks 50 1. Yes (INTERESTED)
to keep these as low impact as possible, since a goal of the 2. Maybe Later (DEFERRED)
intelligent matches process is to keep it simple for the user 3. No (NOT INTERESTED)
to get started with sourcing candidates. For example, if a In additional or alternative embodiments, there are a wide
user is hiring an accountant, an additional question may be variety of actions that can be taken against a candidate in a
‘is it a requirement that they’re a CPA?’ 55 new candidate stream 404 or an existing candidate stream
In addition to information that the intelligent matches 406. Only one of these may have a clear defined action. For
system 400 infers, there are interstitial stream refinement example, there may be three statuses as noted above where
questions that might be presented to the user to help target 1. Interested indicates that the user is interested in this
a new candidate stream 404 and/or an existing candidate candidate right now and wants to reach out to them imme-
stream 406 even further. Examples of such interstitial refine- 60 diately, 2. Deferred indicates that the user is not ready to
ment questions may include ‘how senior of a candidate are make a decision on this candidate right now, but they may
you looking for?” and ‘When do you want them to start?’ wish to revisit the candidacy at another time, and 3. Not
These questions may be asked throughout the rating process Interested indicates that the user is not and will not be
performed as part of the candidate review 408 and will vary interested in this candidate. Also, a deferred rating or status
based on the demands of the relevancy models 420. As with 65 adds a candidate to the database storing status data 418 with

the initial questions that could be presented, these interstitial
refinement questions may be based on how much success the

a skipped or deferred tag. This means they can be re-exposed
later by the relevancy models 420.
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In some embodiments, the intelligent matches system 400
presents top results (e.g., top-ranked candidates) from the
new candidate stream 404 or the existing candidate stream
406 one at a time, prompting the user to provide a rating or
action for each candidate. Then, after X candidates have
been presented, the intelligent matches system 400 may
prompt the user to provide feedback on top inferred search
criteria. In this way, the intelligent matches system 400
ensures that it is targeting candidates well enough to match
the user’s hiring needs, and also ensures that the search
criteria is expanded and tuned as needed to avoid running
out of results (e.g., candidates).

In certain embodiments, the result stream from the new
candidate stream 404 or the existing candidate stream 406
may never end, and the intelligent matches system 400 does
not require the user to proactively create search criteria. The
intelligent matches system 400 gives clear expectations and
motivations to the user with rewards and status (e.g., alerting
the user that sending 50 messages will lead to a 30% chance
of a hire within 60 days).

In some embodiments, the database storing status data
418 has a plurality of database tables, which include a
related titles table mapping job titles to their related titles,
and a streams table. An example schema for the streams
table is provided below. In additional or alternative embodi-
ments, job titles related to a given job title may be retrieved
from a data store or algorithm that maps the given job title
to its related titles.

Example Schema Overview for Streams Table:

CREATE TABLE ‘streams’ (
‘STREAM__ID’ NUMBER unsigned NOT NULL
AUTO_INCREMENT,
‘PROJECT__ID” NUMBER DEFAULT NOT NULL,
‘CONTRACT_ID’ NUMBER DEFAULT NOT NULL,
‘SEARCH__QUERY_ ID’ NUMBER DEFAULT NULL,
‘TITLE_URN’ VARCHAR(100 BYTE) DEFAULT NULL,
‘REGION__ID’ VARCHAR(100 BYTE) DEFAULT NULL,
‘LAST__MODIFIED’ TIMESTAMP DEFAULT SYSTIMESTAMP,
‘DATE__ CREATED’ TIMESTAMP DEFAULT NOT NULL,
PRIMARY KEY (‘STREAM__ID’),
KEY ‘CONTRACT_ID’ (‘CONTRACT_ID’)

When the exchange of prospects and ratings data 412
indicates a user is not interested, the user is explicitly not
interested in this candidate. There may be any number of
factors behind this, but the underlying message is that the
user does not want to be shown this candidate again. When
the exchange of prospects and ratings data 412 indicates a
user is interested, the user is interested in contacting this
candidate, and the intelligent matches system 400 may either
prompt the user to send a message (e.g., a LinkedIn InMail
message) right from a review screen used for the candidate
review 408, or the intelligent matches system 400 may add
the candidate to a list to be reached out to later.

In additional or alternative embodiments, the exchange of
prospects and ratings data 412 setup could be reorganized
into multiple ratings, where different ratings align with some
of' the three above-noted base indicators. For example, a five
star rating system could be used where four or five stars
means the user is interested in a candidate. These ratings are
then passed back to the stream service 414 as part of the
exchange of prospects and ratings data 412.

The status data 418 can be embodied as a database
configured to store system statuses that are not directly
visible to the user but are used to bucket prospects (i.e.,
candidates). As prospects are presented to the user to rate as
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part of the candidate review 408, they may be added to a
prospects table in the database storing status data 418 and
tied to a specific recruiting project. The database storing
status data 418 may include a list of system statuses to
include statuses (e.g., automated_good, automated_bad,
etc.) so that the intelligent matches system 400 can tag
specific prospects with a system status. In an embodiment,
three separate statuses may be used, but these can be
expanded to additional candidate actions.

An existing candidate stream 406 may be resumed or
started from a home screen of the intelligent matches front
end 402 where a review endpoint is hit. This endpoint
returns the next candidate ID (i.e., prospect ID) and asso-
ciates with that specific stream 406. If it is a suggested new
candidate stream 404, a create call is made by the intelligent
matches front end 402 first. If it is a current stream 406 that
is being resumed, then the intelligent matches front end 402
goes directly to the review endpoint.

With each candidate rating in the candidate review 408,
the following actions may be taken:

1. The stream service 414 receives the candidate, the
project, and the rating. This allows the intelligent matches
midtier of the stream service 414 to send prospect tagging
and other data 416 to the database storing status data 418 in
order to update the tagging table (used to track the candi-
date’s rating within a specific project). This also enables the
intelligent matches tnidtier of the stream service 414 to
make a call to the relevancy models 420 (e.g., the relevance
engine backend) to pass along the rating information.

2. For web-to-API purposes, a posting call will return a
success response and the same review endpoint from before
will be hit, where the review endpoint returns a fully
decorated profile (e.g., fully updated or populated member
profile) for the next stream. The API andles all profile
decoration via a rest call to an identity super block.

The candidates are stored in the project for several rea-
sons. One reason is that such storage (e.g., in a relational
database storing status data 418) provides a record of
yes/no/deferred feedback that can be accessed by the rel-
evancy models 420 (e.g., the relevance engine). The existing
stream 406 may expose previously rated candidates back to
the user if the training data flags a candidate as a potential
rematch. That is, a pipeline of candidates for the existing
stream 406 may include previously ranted candidates that
can be subsequently re-presented to a user. For instance, the
recruiter may defer rating numerous candidates in the exist-
ing stream 406 while benchmarking the talent pool for their
open role and may decide to rate a candidate that is pre-
sented to the recruiter again. Another reason is to allow the
user to upgrade their contract to access the intelligent
matches system 400 to a full recruiter contract at any given
time and have all their candidates stored in projects corre-
lated to each existing candidate stream 406.

Example techniques for analyzing pipelined data are
further described in U.S. patent application Ser. No. 15/941,
501, entitled “SYSTEMS AND METHODS FOR ANA-
LYZING PIPELINED DATA”, filed Mar. 30, 2018, which is
incorporated herein by reference in its entirety. The refer-
enced document describes methods for analyzing a pipeline
of data in order to estimate or predict a value of interaction
between new or unseen parties based on prior interactions
between other parties. In embodiments, the parties may be a
hiring organization (e.g., a hiring company seeking to fill a
position), similar organizations, and candidates, and analysis
of pipelined data can be used to predict a value of a hiring
interaction between the hiring organization and certain can-
didates in a pipeline of candidates.
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There is value in analyzing pipelined data to provide
computational scoring on a pool of unengaged potential
parties (e.g., a hiring organization and a potential job can-
didate) since there are almost always many magnitudes more
of them than engaged parties (e.g., a company and a current
employee of the company). For example, based on an
organization’s history of interviewing, making offers to, and
hiring candidates for the organization (e.g., company),
embodiments analyze that data in order to suggest potential
candidates who would be most valuable for the organization
to engage. In one example context, this would mean some-
body who would ultimately get hired, but a system could
also target a metric of people who “get hired then produce
a greater than 80/100 performance score within first year of
employment” as a goal state in an interaction pipeline.

In additional embodiments, the intelligent matches system
400 allows existing recruiters to add intelligent matching as
a feature to their user account. This means supporting the
ability to create new intelligent matches candidate streams
404 from their existing projects. Since existing projects and
recruiter’s accounts are closely tied, the intelligent matches
system 400 is able to make some inferences about the
candidates that already exist in that recruiter’s projects. For
example, if the recruiter has a project with 25 candidates that
have been contacted, the intelligent matches system 400 can
assume they would be tagged with the same ‘automated_
good’ status just as if they went through intelligent matches.
This allows the intelligent matches system 400 to perform an
easy mapping when it comes to creating new streams 404
from a user’s existing projects.

Resuming an existing candidate stream 406 may be an
entry point on a homepage of the intelligent matches front
end 402 to pick up the existing candidate stream 406. It
references the stream ID 411 and uses the same review
endpoint that grabs additional candidates to direct the user
back into the existing candidate stream 406.

A new candidate stream 404 or an existing candidate
stream 406 is essentially never ending. Whether the rel-
evancy models 420 associated with the stream are updated
offline or new candidates are re-exposed, unless explicitly
deleted by the user, there should be relevant candidates
available for that stream at any time.

Actions on candidates may include sending messages
such as, for example, Linkedln InMail messages. The intel-
ligent matches system 400 may include a semi-automatic
message builder (as shown in FIG. 8) that reduces time
required to generate a well-crafted message to each candi-
date. For example, upon indicating or selecting that a user is
interested in a candidate, the user may be prompted with a
dialog to send an InMail message. As described below with
reference to FIG. 8, the intelligent matches system 400 may
prepopulate a template that has been best picked for this
position so that the user can put little to no time in writing
or reviewing the message before sending the message (e.g.,
a LinkedIn InMail message).

As shown in FIG. 4, the stream service 414 may include
an intelligent matches midtier service. The stream service
414 powers the actual logic behind which candidates are
sent back to the user. The midtier stream service 414 may
interface with multiple relevancy models 420. For example,
when a new candidate stream 404 is created and the base
information is just title and location, a relevancy backend
could take the company’s job descriptions into account to
extract skills, keywords or other industry influencing factors.
To add more context, one of the influencing factors on the
existing candidate stream 406 may be previous ratings of
candidates that are returned via the exchange of prospects
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and ratings data 412. Those candidates’ profiles and ratings
can be analyzed to extract metadata that would help frame
the next result set.

The midtier service of the stream service 414 may make
a call into the relevancy models 420 (e.g., the relevance
engine), which then returns a structured query. This query
may be used as the base of all new streams 404 created for
the user. The structure query is then executed from the
stream service 414, returning a set of candidates to work
from. The candidates are passed back into one of the
relevancy models 420 (e.g., the relevance engine) to be
sorted and scored based on a specific relevancy model
associated with the existing candidate stream 406. This one
of the relevancy models 420 can contain information as
basic as a standardized job title(s) and location(s), company
trends, industry hiring trends and previous candidate rank-
ings. The relevance engine then returns a single candidate to
be decorated (e.g., updated) by an API. The stream service
414 may also have a component that processes data offline
when it is too costly to execute at runtime.

One example of this is resurfacing candidates that may
have been previously deferred by a user. The process of
including different factors to formulate a candidate pool for
an existing candidate stream 406 may include pulling all the
IDs from a project, decorating the member profiles, and
deciding if they were worth being rated again. This process
may get more expensive as more candidates are rated and
added to the associated project. For a situation like this, an
embodiment can fall back on scrubbing out (i.e., supressing)
any previously-rated candidate IDs at runtime to prevent
duplicates and have an offline job to determine if there are
candidates in the project that worth being evaluated a second
time. These candidates would then be flagged for a second
evaluation for the next time the existing candidate stream
406 is picked up. Beneficially, this will make the eventual
call that much leaner. This is because, as a final step, the
intelligent matches system 400 de-duplicates against the
project and then checks a re-evaluation pool for any candi-
dates eligible to be reviewed again. This is much less
computationally costly than decorating all profiles (e.g.,
fetching all relevance information pertaining to the profiles)
in the project and determining if they pass a ML model that
qualifies them to be re-evaluated.

The preceding examples discuss what the stream service
414 can do with candidates and how candidate features and
other factors may be weighted. There may be different levels
of evaluation that go into creating a final talent pool, but the
above-noted examples frame a reference for how the stream
service 414 can interpret requests and how there may be
different levels of influence on the pool of candidates.

Example User Interfaces

FIG. 5 is a screen capture illustrating a first screen of a
user interface for editing and displaying suggested candidate
streams, in accordance with an example embodiment. As
shown, the first screen of the user interface includes a
command bar 500 with menus, buttons, links, and dialog
boxes that can be used to select existing streams, view and
edit jobs, view reports, and start new streams. The first
screen of the user interface also includes a my streams’ link
502 that is selectable to display the user’s existing streams
504.

As shown in FIG. 5, for each existing stream 504, the user
interface can display the job title, probability of hire score
(e.g., percentage chance of hire in the next 30 days in the
example of FIG. 5), number of profiles viewed, number of
messages sent, and number of messages accepted. In addi-
tion, for each existing stream 504, the user interface includes
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a view stream button 506 that is selectable to display the
stream. In response to accessing or receiving a selection of
the view stream button 506, a second screen of the user
interface as illustrated in FIG. 6 (described below), is
displayed.

With continued reference to FIG. 5, the first screen of the
user interface further includes a suggested streams pane 508
that displays a set of suggested streams 510. For each
suggested stream 510 in the suggested streams pane 508, a
suggested job title and a location is displayed. As shown, the
suggested streams 510 may be suggested based on the user’s
technical needs. Also, for each suggested stream 510, the
user can select a ‘start stream’ button 512 to create a new
stream based on the suggested stream 510. Lastly; the first
screen of the user interface also includes a ‘show more
candidates’ pull down 514 that is selectable to display
additional candidates. As shown in FIG. 5, in alternative or
additional embodiments, the pull down 514 is also selectable
to display additional suggested streams.

FIG. 6 is a screen capture illustrating a second screen of
a user interface for editing and displaying suggested candi-
date streams, in accordance with an example embodiment.
In particular, the second screen shown in FIG. 6 is a user
interface for editing a candidate stream and reviewing and
rating candidates in the stream, in accordance with an
example embodiment. As shown, the second screen of the
user interface includes a command bar 600 with menus,
buttons, links; and dialog boxes that can be used to select
existing streams, view and edit jobs, view reports, and start
a new stream. The second screen of the user interface also
includes a candidate window 602 that displays the name,
current job, and location information for a candidate. The
candidate window 602 also includes user interface elements
that the user can select to rate the candidate (e.g., by
selecting a 1-5 star rating in the example of FIG. 6), dismiss
the candidate, send a message to the candidate (e.g., a
LinkedIn InMail message as shown in FIG. 6), display a
candidate summary 612, display the candidate’s background
information, and display the candidate’s resume.

As depicted in FIG. 6, stream information 604 for an
existing stream includes the job title, probability of hire
score (e.g., percentage chance of hire in the next 30 days in
the example of FIG. 6), number of profiles viewed, number
of messages sent, number of messages accepted, and a feed
accuracy score (e.g., a percentage of the stream feed that is
deemed to be accurate as shown in FIG. 6). In FIG. 6, the
stream information 604 corresponds to an existing stream
that includes the candidate represented in the candidate
window 602. The user interface includes an ‘edit stream’
button 606 that is selectable to edit the stream. In response
to accessing or receiving a selection of the ‘edit stream’
button 606, a third screen of the user interface as illustrated
in FIG. 7 (described below) is displayed.

With continued reference to FIG. 6, the second screen of
the user interface further includes insight buttons 608 that
are selectable to display insights to the user for ways to
increase a chance of hire percentage (e.g., a probability of
filling the job opening indicated in the stream information
604). In the example of FIG. 6, the insight buttons 608 are
selectable to display insights for how to increase a chance of
hire percentage.

Below the candidate window 602, the candidate summary
612 displays keywords representing the candidate’s stron-
gest skills, skills that need work, and missing skills. Below
the candidate summary 612, the candidate’s work history
610 is displayed as a timeline of the candidate’s current and
prior positions held. Below the work history 610, the second
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screen of the user interface also presents a current position
window 614 that displays the candidate’s current title,
employer, and time in the current position.

FIG. 7 is a screen capture illustrating a third screen of a
user interface for editing suggested candidate streams, in
accordance with an example embodiment. In particular, the
third screen shown in FIG. 7 is a user interface for editing
a candidate stream, in accordance with an example embodi-
ment. As shown, the third screen of the user interface
includes a command bar 700 with menus, buttons, links, and
dialog boxes that can be used to select existing streams, view
and edit jobs, view reports, and start a new stream.

The third screen of the user interface also includes an ‘edit
stream’ button 706 that is selectable to edit the stream. In
response to accessing or receiving a selection of the ‘edit
stream’ button 706, a stream editing window 702 is dis-
played. As shown, the stream editing window 702 includes
buttons 710 that the user can select to prioritize difference
skills (e.g., project management or scrum skills in the
example of FIG. 7).

As depicted in FIG. 7, stream information 704 for the
existing stream that is being edited includes the job title,
probability of hire score (e.g., percentage chance of hire in
the next 30 days in the example of FIG. 7), date when the
position was opened, number of profiles viewed, number of
messages sent, number of messages accepted, and a teed
accuracy score (e.g., a percentage of the stream feed that is
deemed to be accurate as shown in FIG. 7).

With continued reference to FIG. 7, the third screen of the
user interface additionally includes insight buttons 708 that
are selectable to display insights to the user for ways to
increase a chance of hire percentage (e.g., a probability of
filling the job opening indicated in the stream information
704). As shown in FIG. 7, the insight buttons 708 are
selectable to display insights for how to increase a chance of
hire percentage.

FIG. 8 is a screen capture illustrating a user interface for
a semi-automatic message builder 800, in accordance with
an example embodiment. The interface for the semi-auto-
matic message builder 800 may be presented once a user of
a recruiting tool (e.g., a recruiter or hiring manager) chooses
to reach out to a candidate. The semi-automatic message
builder 800 can then be used to semi-automatically generate
a message body 802 that is optimized via selections of the
suggested message features 804, 806, 808, and 810 for a
high response rate and personalized based on the recipient
member’s profile information, the user’s profile information,
and the position being hired for.

As shown, the message builder 800 is a semi-automated
message template used to create a message (e.g., a Linkedln
InMail message) that includes a message body 802 to be sent
to a member of an online system (e.g., a social network
system hosting a social networking service). The message
builder 800 suggests features 804, 806, 808, and 810 of
message templates that are predicted to garner higher
response (e.g., higher positive acceptance) rates from mem-
bers who receive the message. In some embodiments, the
suggested message features 804, 806, 808, and 810 can be
included in the message body 802 based on user selections.
The suggested features 804, 806, 808, and 810 may be
determined based on analysis of the message length, com-
parisons with industry messages, and A/B testing of mes-
sages. Additionally, the message builder 800 may use default
templates to build a message body 802 which can be AB
tested to improve message effectiveness (e.g., increase mes-
sage acceptance rates).
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In the example of FIG. 8, notes 812 indicate that the
suggested feature 804 provides suggestions for personaliz-
ing the message with text that is randomly selected from a
standard set of message personalization text. The personal-
ization text in feature 804 suggests that indicating why a
specific person might be a fit will increase the response rate
to the message. As shown, the suggested feature 806 sug-
gests text telling candidates what is great about the hiring
organization. In the example of FIG. 8, the suggested feature
808 suggests including text in the message body 802 that
tells candidates about the team to help candidates determine
if the team is a good fit for them. As indicated in the notes
812, the features 806 and 808 can be automatically gener-
ated from the organization’s profile. With continued refer-
ence to FIG. 8, the suggested feature 810 suggests text to ask
a candidate to take action in order to help ensure that the
candidate will respond to the message. As shown in the notes
812 the suggested feature 810 can include text that is
randomly selected from a standard set of message person-
alization text.

In some embodiments, the message builder 800 can
provide a one-click message send experience for a recruiter
user, and provide automated follow-up to sent messages. For
example, one-click messaging is provided wherein the user
may press a button indicating interest in a candidate. Upon
pressing the button, a message will be sent to the candidate
and the next candidate will be shown. The message may be
sent every time interest is indicated and is not shown on the
screen in order to reduce the amount of time it takes to
review and message a single candidate. Also, for example,
the message builder 800 can create default messages, while
also al lowing customization when one or more of the
suggested message features 804, 806, 808, and 810 are
selected. The message builder 800 avoids the hurdle of
proactive message creation, while also ensuring a minimum
quality of messages. The message builder 800 leverages data
from target member profiles (e.g., candidate profiles), the
user’s company page, a job description, and statistics on
employees in templates to improve message personalization
and relevance.

In additional or alternative embodiments, another type of
message that may be automatically generated by the mes-
sage builder 800 is a reminder or follow up email message.
For instance, a reminder or follow up message may be built
by the message builder 800 and then sent automatically if no
response to a previously-sent message is received after a
specific period of time. In additional or alternative embodi-
ments, messages may be sent at times which maximize the
possibility of response, where the optimal or preferred times
to send messages are based upon historical data. For
example, if historical data indicates increased response rates
to messages sent Tuesday mornings, the message builder
800 may send all messages at 10 am on Tuesdays. In some
embodiments, the template not editable by the user and it
may appear to come from LinkedIn instead of the user. For
instance, the message builder 800 may build, personalize,
and then send a message that is worded in the third person,
such as, for example, ‘Congratulations <candidate
name>!<hiring manager name> is interested in hiring you
for the role of <job title> at <company name>. Click here to
see more about the role.” In this example, the sender (e.g.,
the hiring manager) would be shown to be a social network-
ing service (e.g., LinkedIn) rather than the <hiring manager
name>. Message templates may be edited and saved by a
user such as a recruiter or hiring manager. The user may
choose from several previously saved templates. Message
templates may also be automatically optimized. The user
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may have several message templates. In some embodiments,
a multi-armed bandit (MAB) optimization may be used to
send one of several messages each time a message is sent.
As a message receives more responses, it will be used more
frequently. Message optimization may take into account
varying attributes, such as, for example, the country where
a user is located, or the role the user is hiring for. A large
number of message templates may be used for variety. This
remedies issues whereby if members of a social networking
service receive the same message from all recruiters, then
those messages may begin to decline in effectiveness after
the user has already seen the same message. Thus, embodi-
ments having a very large number of message templates,
continually introducing new templates, and rotating tem-
plates improve effectiveness of messages generated by the
message builder 800.

FIG. 9 is a block diagram illustrating the skills generator
312 in more detail, in accordance with an example embodi-
ment. As shown in FIG. 9, a scoring apparatus 900 may
calculate a set of expertise scores 902 using a statistical
model 904 and a set of features 906-908 for candidate
member profiles. The features 906-908 may be aggregated
into a data repository 910 from the member profiles and/or
member actions. For example, the features 906-908 may be
received from a number of servers and/or data centers
associated with websites and/or applications and stored in a
relational database for subsequent retrieval and use.

Prior to the scoring apparatus 900 calculating the exper-
tise scores 902 on actual member profiles, a training appa-
ratus 912 may access training data for the statistical model
904, which includes a positive class 914 and a negative class
916. The positive class 914 may include data associated with
items of a particular category (e.g., trait, attribute, dimen-
sion, etc.), while the negative class 916 may include data
associated with items that do not belong in the category.

For example, the statistical model 904 may be a logistic
regression model that classifies each member profile as
either an expert or a non-expert in a corresponding skill. The
positive class 914 may thus include a subset of the features
906-908 associated with members with known expertise in
one or more skills. Such ‘expert” members may be identified
based on publications, speeches, awards, and/or contribu-
tions of the members in their respective fields. On the other
hand, the negative class 916 may include a subset of the
features 906-908 associated with members who are not
recognized as experts in their respective fields, such as
random members who list a given skill in their profiles.
Because far fewer members belong in the positive class 914
than in the negative class 916, the positive class 914 may be
oversampled to produce a roughly class-balanced set of
training data for the statistical model 904.

Next, the training apparatus 912 may use the positive
class 914 and the negative class 916 to train the statistical
model 904. For example, the training apparatus 912 may use
maximum-likelihood estimation (MLE) and/or another esti-
mation technique to estimate the parameters of a logistic
regression model for calculating the expertise scores 902.
After training of the logistic regression model is complete,
the parameters may be set so that the logistic regression
model outputs values close to 1 for training data in the
positive class 914 and values close to 0 for training data in
the negative class 916.

The trained statistical model 904 may be provided to the
scoring apparatus 900, which calculates the expertise scores
902 for member profiles not included in the training data
(such as recent hire member profiles supplied by the
searcher) by applying the statistical model 904 to features
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(e.g., features 906-908) for each of the items. For example,
a feature vector may be generated for each item from a
subset of the features 906-908 in the data repository 910, and
the statistical model 904 may be applied to the feature vector
to calculate an expertise score 902 for the item with respect
to a dimension of the member profile.

The features 906-908 used in the calculation of the
expertise scores 902 may include demographic features,
social features, and behavioral features. Demographic fea-
tures may include data related to a member’s location, age,
experience, education, and/or background; social features
may include features related to the behavior of other mem-
bers with respect to the member; and behavioral features
may include features related to the member’s actions or
behavior with a social networking service and/or related
websites or applications. In some embodiments, the social
networking service is an online professional network.

FIG. 10 is a diagram illustrating an offline process 1000
to estimate expertise scores, in accordance with another
example embodiment. A supervised machine learning algo-
rithm combines various signals 1002, such as skill-endorse-
ment graph page order (e.g., skill-endorsement graph page
rank), skill-profile textual similarity, job title or position
similarity, member seniority, etc., to estimate the expertise
score. After this step, a formed expertise matrix 1004 is very
sparse since only a small percentage of the pairs can be
predicted with any degree of certainty. The formed expertise
matrix 1004 may be factorized into a member matrix 1006
and a skill matrix 1008 in K-dimensional latent space. Then;
the dot product of the formed expertise matrix 1004 and the
skill matrix 1008 is computed to fill in the ‘unknown’ cells.
The intuition is that the more members list two particular
skills in their corresponding member profiles (called co-
occurrence of skills), the more likely it is that a member only
listing one of those skills also has the other skill as a latent
skill. Since the dot product results in a large number of
non-zero scores for each member listing the skills, the scores
can then be thresholded such that if the member’s score on
a skill is less than a particular threshold, the member is
assumed not to know the skill and is assigned a zero
expertise score on the skill. Thus, a final expertise matrix
1010 is still sparse, but relatively much denser than the
formed expertise matrix 1004.

Referring back to FIG. 3, given a set of input suggested
hires (e.g., suggested candidates in a candidate stream), the
skills generator 312 can rank the skills for the group of
suggested hires. Then, the top AT ranked skills can be
selected to represent the suggested hires. Expertise scores of
a suggested hire on outlier skills are zero or very low, and
thus these skills are unlikely to be selected. Moreover,
because skills are summed over all candidates, the skills that
many candidates have are boosted, thus representing the
commonality of the skill set among all suggested hires.

Turning now to organizations such as related or similar
companies, for a particular company, given suggested can-
didate profiles, the query builder 306 can generate queries
based on a set of other companies, outside of the particular
company, that are likely to have candidates similar to the
particular company’s suggested candidates in their sug-
gested candidate profiles. In order to accomplish this, the
query builder 306 contains an organization generator 314,
which can use collaborative filtering to find organization
relationships. The organizations can be companies or other
organizations that have been browsed or that candidates
have been associated with, such as, for example, corpora-
tions, firms, universities, hospitals, government entities, or
other organizations. The organizations can be organizations
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that candidates have worked for or have been under contract
to (e.g., as consultants, temporary employees, interns, or
contractors). Specifically, an organization browse map using
co-viewing relationships (people who view organization or
company A and view organization or company B) may be
utilized. Intuitively, organizations or companies co-viewed
by highly overlapped sets of people are likely to be similar.
Thus, activity and/or usage information for searchers/brows-
ers within the social networking service may be retrieved
and mined to construct the organization browse map, and
this browse map may then be used to find the organization
relationships by the organization generator 314. Other infor-
mation may be used either in conjunction with or in lieu of
the organization browse map. For example, the social net-
working service may keep track of candidates who apply to
a given organization or company. Therefore, it may deduce
that if a member who applied to organization B also applied
to organization A, then organization A and organization B
are similar. This similarity relationship may be used as the
browse map is used, to generate companies or organizations
related to companies or organizations identified in profiles of
suggested candidates. Another signal that may be used is
organization movement, meaning that if a relatively large
number of people who left organization A went to work for
organization B, this might imply that organization A and
organization B are somewhat similar.

Similar strategies can be used for other facets of a query.
For example, title, industry, seniority, years of experience,
locations, and schools can all be expanded from those facets
in the suggested candidate profiles by finding similar facets
using, for example, browse maps or organization movement.

Once the query builder 306 completes generating the
query based on the techniques described above, the query
may be submitted to a search engine such as, for example,
the query processor 308, to return search results. The search
results represent candidates who are similar in some ways to
the recent hires that have been selected or hired by the
searcher, thus alleviating the searcher of the burden of
composing the query. Once the results are returned, a search
results ordering system 310 may order the search results
according to one or more ordering algorithms. A subset of
the top-ranked search results may then be displayed to the
searcher using a results display component 316. In an
example embodiment, the results display component 316
interacts with the client profile search component 302 to
facilitate such a display. The number of top-ranked search
results displayed may vary based on, for example, current
size of a display window, font size, user preferences, etc.

While any ordering algorithms may be used by the search
results ordering system 310 to order the search results, in an
example embodiment a machine learning algorithm is used
to train an ordering model specifically to be used with
searches generated by searchers providing recent hires in
lieu of text-based keywords. Given the significant difference
between a search by recent hires and a traditional query-
based search, this algorithm helps provide orderings that
accommodate this new type of search.

In some embodiments, stream refinement question-based
features may be fed along with scores from a query-based
ordering model to a machine learning algorithm that is
designed to train a combined ordering model that is capable
of determining an ordering score for a search result at
runtime. This training may use labels supplied for training
data (e.g., training suggested candidates and training search
results along with labeled scores for each). The training may
involve the machine learning algorithm learning which
features/scores are more or less relevant to the ordering
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scores, and appropriately weighting such features and scores
for runtime computations. At runtime, a feature extractor
extracts: query-based features from the query, features from
stream refinement answers, features from candidate search
results, and from suggested candidates. The feature extractor
then feeds these extracted features to the combined ordering
model, which produces the scores as per its model. An
ordering system can then use these ordering scores to order
the search results for display to the searcher.

As noted above, machine learning explores the study and
construction of algorithms, such as the machine learning
algorithm discussed above, that may learn from existing data
such as the stream refinement question-based features and
make predictions about new data. Such machine-learning
algorithms operate by building a model, such as the com-
bined ordering model, from example training data in order
to make data-driven predictions or decisions expressed as
outputs or assessments, such as the ordering scores output by
the combined ordering model. Although example embodi-
ments are presented with respect to a few machine-learning
algorithms and models, the principles presented herein may
be applied to other machine-learning tools.

In some example embodiments, different machine-learn-
ing tools may be used. For example, Logistic Regression
(LR), Naive-Bayes, Random Forest (RF), neural networks
(NN), matrix factorization, and Support Vector Machines
(SVM) tools may be used for classifying or scoring job
candidate attributes.

It should be noted that since searching based on recent
hires is a relatively new concept, it is difficult to generate
labeled data directly from a log of previous search systems,
as would typically be done to generate labeled data. Instead,
in an example embodiment, labeled data is generated from
the log of a query-based search. One such log is a log of
electronic communications performed after the search. For
example, if a searcher sees 20 results to a query-based search
for candidates, and sends email communications to eight
candidates from the 20 results, then it may be assumed that
these eight candidates are similar enough to be considered
for the same position or job (e.g., title), and thus if a profile
for one or more of those eight candidates had been submitted
for a search by recent hire, the other candidates could be
considered likely top results. In an example embodiment,
other actions taken with respect to previous search results
may be logged and similarly used to determine recent hire
matches. For example, while communication with a candi-
date may be considered as strongly indicative of a match for
the underlying position (and thus a match with other can-
didates also emailed for the same position) and assigned a
high relevance score, clicking on a candidate (without an
email) may be considered to be a partial match and may be
assigned a moderate relevance score, while skipped results
might be considered a low relevance score. The relevance
scores may be used as the labels for the sample data.

Thus, in an example embodiment, communications
between searchers and members of the social network
service are monitored and logged, and these communica-
tions are used to derive a label score for each sample search
result/recent hire pair. Such sample search results may
simply be the search results presented in response to previ-
ous queries. The label score may be generated using various
combinations of the metrics described above. For example,
if the same searcher communicated with both candidates A
and B in response to the same search query, then candidate
B is assigned a score of 5 (on a scale of 1 to 5, 5 being most
relevant) for a recent hire A and candidate A is assigned a
score of 5 for a recent hire B. Actions such as clicking on a
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candidate that indicate a moderate relevance may be
assigned a score of 3, and taking no action may be assigned
a score of 1. Scores for various log entries can then be
combined and averaged. The result is profile pairs that have
been assigned scores of between 1 and 5 based on previous
actions or inactions by previous searchers. These label
scores may then be used as labels for hypothetical recent
hire/search result pairs for those same member profiles.

In an example embodiment, a dynamic weight trainer is
used to dynamically alter the weights assigned to the stream
refinement question-based features. Specifically, a search
query need not be limited to a single query before the search
is complete. Often the searcher may interact with the origi-
nal query and search results to provide additional refine-
ments of the original search. This is not only true with
traditional text-based searches but also can be true with
recent hire-based searches as well. This may be accom-
plished by the searcher applying additional filters or making
text-based additions to the initial recent hire-based search to
refine the results. The result is that the recent hire-based
features, which directly measure the similarity between the
recent hire(s) and the search results, become less and less
important as the search is refined.

At the same time, as the search session continues, the
confidence of the remaining attributes (e.g., query-based
attributes) increases in usefulness.

The purpose of the dynamic weight trainer is to dynami-
cally alter the weights of the features extracted to favor the
query-based features over the stream refinement question-
based features over time. This may be performed by apply-
ing a decay function, defined on some measure of session
length, such as the number of query refinements, to gradu-
ally reduce the weights of the stream refinement question-
based features and/or increase the weights of the query-
based features. This function controls the dynamic balance
between the impacts of the input suggested candidates and
the query on the result ordering.

Two common types of problems in machine learning are
classification problems and regression problems. Classifica-
tion problems, also referred to as categorization problems,
aim at classifying items into one of several category values
(for example, is this object an apple or an orange?). Regres-
sion algorithms aim at quantifying some items (for example,
by providing a value that is a real number). In some
embodiments, example machine-learning algorithms pro-
vide ordering scores to qualify candidates for jobs. That is,
the machine-learning algorithm utilizes features for analyz-
ing the data to generate assessments. A feature such as a
query-based feature or a stream refinement question-based
feature is an individual measurable property of a phenom-
enon being observed. The concept of feature is related to that
of'an explanatory variable used in statistical techniques such
as linear regression. Choosing informative, discriminating,
and independent features is important for effective operation
of the machine-learning algorithm in pattern recognition,
classification, and regression. Features may be of different
types, such as numeric, strings, and graphs.

In one example embodiment, the features may be of
different types and may include one or more of candidate
features, job features, organization (e.g., company) features,
query-based features, stream refinement question-based fea-
tures, and other features. Candidate features may include
one or more of the member profile data in the profile data
218, as described above with reference to FIG. 2, such as
educational background (e.g., schools, majors, matriculation
and/or graduation dates, etc.), employment history, skills,
professional organizations, title, skills, skills endorsements,
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experience, and the like. Job features may include any data
related to the job or position, and organization features may
include any data related to a hiring organization (e.g.,
company). In some example embodiments, other features
may be included, such as post data, message data, web data,
and the like.

The machine-learning algorithm utilizes training data to
find correlations between the identified features and the
outcome or assessment (e.g., ordering scores). In some
example embodiments, the training data includes known
data for one or more identified features and one or more
outcomes, such as candidates reviewed by recruiters, jobs
searched by members, job suggestions selected for reviews,
members changing companies, members adding social con-
nections, members’ activities online, etc.

With the training data and the identified features, the
machine-learning algorithm is trained. For instance, weights
for features can be re-trained by the dynamic weight trainer
and passed to the combined ordering model. The machine-
learning algorithm appraises the value of the features as they
correlate to training data. The result of the training is a
trained machine-learning program or model. When a
machine-learning program is used to perform an assessment,
new data (e.g., new query-based features and new stream
refinement question-based features) provided as an input to
the trained machine-learning program, and the machine-
learning program generates the assessment (e.g., ordering
scores) as output. For example, when a recruiter submits
query terms for a candidate search, a machine-learning
program, trained with social network data, utilizes the
member data and the job data, from the job the recruiter
wishes to fill, to search for candidates that match the job’s
requirements (e.g., skills, seniority, and education).

As noted above, example techniques for QTW to weigh
query-based features are further described in U.S. patent
application Ser. No. 15/845,477 filed on Dec. 18, 2017,
entitled “QUERY TERM WEIGHTING”, which is incorpo-
rated herein by reference in its entirety. The referenced
document describes weighting parameters in a query that
includes multiple parameters to address the problem of
identifying relevant records in a data repository for respond-
ing to a search query from a user of a client device. The
referenced document also describes a system wherein a
server receives, from a client device, a search query for
employment candidates, where the search query includes a
set of parameters and each parameter in the set of parameters
has a weight. The referenced document further describes that
the server generates, from a data repository storing records
associated with professionals, a first set of search results
based on the set of parameters and the weights of the
parameters in the set. The server transmits, to the client
device, the first set of search results. The server then
receives, from the client device, a response to search results
from the first set of search results. The search results are
associated with a set of factors. The factors in the set may
correspond to any parameters, for example, skills, work
experience, education, years of experience, seniority, pedi-
gree, and industry. The response indicates a level of interest
in the search results. For instance, the response may indicate
that the user of the client device is interested in the search
results, is not interested in the search results, or has ignored
the search results. The server adjusts the parameters in the
set of parameters or adjusts the weights of the parameters
based on the response to the search result(s). The server
provides an output based on the adjusted parameters or the
adjusted weights
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Example Methods

Example methods are illustrated in FIGS. 11-16 according
to some example embodiments. While the various opera-
tions in the flowcharts of FIGS. 11-16 are presented and
described sequentially, one of ordinary skill will appreciate
that some or all of the operations may be executed in a
different order, be combined or omitted, or be executed in
parallel. The various operations of the example methods
illustrated in FIGS. 11-16, which are described below, may
be performed, at least partially, by one or more processors
that are temporarily configured (e.g., by software) or per-
manently configured to perform the relevant operations.

FIG. 11 is a flow diagram illustrating a method 1100 for
performing a stream refinement question-based search in
accordance with an example embodiment. At operation
1102, one or more stream-related information sources may
be accessed. In the example of FIG. 11, the information
sources may include job postings, recent hire documents
(e.g., member profiles for recent hires), stream refinement
answers (e.g., user responses to presented stream refinement
questions), and other information sources related to a
stream. For instance, operation 1102 can comprise accessing
or obtaining stream refinement answers. As shown in opera-
tion 1102, these stream refinement answers may be related
to member profiles of an online system. In an example
embodiment, these answers may be related to member
profiles in a social networking service. In an embodiment,
operation 1102 can include accessing answers related to
profiles of suggested candidates for a given title and related
titles. Such profiles can be automatically identified based on
a particular stream refinement answer (e.g., a particular title)
supplied by the searcher. In this example, additional profiles
may be automatically identified based on titles that are
related to and/or synonymous with the particular title.

The documents and information accessed at operation
1102 can also be automatically identified based at least in
part on titles suggested by an intelligent matches system,
such as the intelligent matches system 400 described above
with reference to FIG. 4. The suggested titles may be
automatically identified based on a predicted position (e.g.,
role, job title) for which a recruiter may be hiring. For
example, the documents accessed in operation 1102 may
include candidate member profiles that are suggested to the
user based on the predicted positions. In an alternative or
additional embodiment, the member profiles can be accessed
by a searcher specifying the corresponding members and the
member profiles retrieved from a database based on the
searcher’s specified members. However, implementations
are possible where the documents accessed are not member
profiles.

At operation 1104, one or more attributes are extracted
from the one or more stream-related information sources.
For example, operation 1104 may comprise extracting attri-
butes from stream refinement answers. Also, for example,
operation 1104 can include extracting job titles (e.g., posi-
tions), locations (e.g., work locations), and skills from
stream-related information sources such as stream refine-
ment answers. Operation 1104 can include mapping the
extracted job titles to title identifiers (title IDs) and matching
the extracted skills to skill identifiers (skill IDs). In an
embodiment, operation 1104 can include mapping the
extracted job titles to a predicted position or title used in
operation 1102 to access the one or more stream refinement
answers.

At operation 1106, a search query is generated based on
the extracted attributes. In some embodiments, operation
1106 can comprise completing an offline pipeline for job
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title (e.g., position) prediction. In alternative embodiments,
QTW may be used to weigh terms of the search query.

At operation 1108, a search can be performed on docu-
ments using the generated search query, returning one or
more result documents. As with the stream refinement
answers, the result documents may also be member profiles
in a social networking service.

At operation 1110, results of the search performed at
operation 1108 are displayed. As shown, operation 1110 may
comprise causing the search results (e.g., the result docu-
ments accessed at operation 1108) to be displayed on a
display device. The search results displayed at operation
1110 may be based at least in part on a suggested title or
predicted position used to access candidate documents at
operation 1102.

FIG. 12 is a flow diagram illustrating a method 1200 for
soliciting and using feedback to create and modify a candi-
date stream, in accordance with an example embodiment.

At operation 1202, one or more stream-related informa-
tion sources may be accessed. In example embodiments, the
information sources may include one or more of a job
posting, recent hire documents (e.g., member profiles for
people recently hired by an organization), stream refinement
answers (e.g., user responses to displayed stream refinement
questions), hiring organization data, and other information
sources related to a candidate stream. Operation 1202 may
comprise accessing a combination of stream-related infor-
mation sources. Such stream-related information sources
may include one or more of the member profile data in the
profile data 218, as described above with reference to FIG.
2, such as educational background (e.g., schools, majors,
matriculation and/or graduation dates, etc.), employment
history, skills, professional organizations, title, skills, skills
endorsements, experience, and the like. Operation 1202 may
access job posting information including any data related to
the job or position that is the subject of a job posting, and
hiring organization data may include any data related to a
hiring organization (e.g., company).

In an example, at operation 1202, stream refinement
answers may be accessed or obtained. In an example
embodiment, these answers are related to desired attributes
of member profiles in a social networking service. For
instance, these answers may be provided by a searcher
specifying one or more parameters corresponding to desired
member attributes (e.g., features such as skills, organiza-
tions, education/degrees, and seniority), with the member
profiles being accessed from a database based on the search-
er’s specified answers (e.g., parameters) However, imple-
mentations are possible where the stream refinement
answers accessed are not related to member profiles. In
additional or alternative embodiments, the stream refine-
ment answers are provided by a searcher reviewing member
profiles corresponding to a stream of candidates. Initially,
the method 1200 can include performing a manual feature
selection as part of operation 1202. Such a manual feature
selection can include a recruiter user making manual selec-
tions of stream refinement answers corresponding to desired
seniority and skills for a candidate search.

As shown in FIG. 12, the information sources accessed at
operation 1202 may include recent hire documents from an
online system (e.g., member profiles for recent hires from an
online system that hosts a social networking service). In
additional or alternative embodiments, the information
sources may include one or more stream-related information
sources such as, for example, job postings, stream refine-
ment answers (e.g., user responses to presented stream
refinement questions), and other information sources related
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to a stream. In an example, at operation 1202 one or more
recent hire documents may be accessed or obtained. In an
example embodiment, these documents are member profiles
in a social networking service and correspond to members of
the social networking service who have been recently hired
by an organization (e.g., a company) seeking to hire addi-
tional personnel. The recent hire documents may be
accessed or obtained from an online system having a plu-
rality of member profiles.

In an embodiment, information sources such as recent
hire documents may be accessed or obtained at operation
1202 by a searcher specifying one or more parameters
corresponding to desired member attributes (e.g., features
such as skills, organizations, education/degrees, and senior-
ity), for an open position. The recent hire documents may be
retrieved from a member profile database based on the
searcher’s specified parameters. However, implementations
are possible where the documents accessed are not member
profiles. In additional or alternative embodiments, the recent
documents are member profiles used to generate a query for
creating a stream of candidates (see, e.g., operations 1204,
1206, and 1208). Initially, the method 1200 can include
performing a manual feature selection as part of operation
1202. Such a manual feature selection can include a recruiter
user making manual selections of desired seniority and skills
for a candidate search based on recent hire documents.

At operation 1204, one or more attributes are extracted
from the one or more information sources (e.g., recent hire
documents). In some embodiments, the attributes may
include skills, job titles, roles, locations, positions, and
seniority.

In some embodiments, at operation 1204, attributes (e.g.,
features) are extracted from the one or more stream-related
information sources (e.g., stream refinement answers).
According to certain embodiments, the operation 1204 also
filters the data set for a candidate count in order to be able
to evaluate online updates to the candidate orderings. Some
of these embodiments use a certain number of initially
ordered candidates as input. In additional or alternative
embodiments, filtering can also be performed according to a
total number of successful reviews and other feedback
measurements. Feature selection can also performed as part
of operation 1204. In an embodiment, operation 1204
accesses an informational feature vector for each candidate
represented in the stream refinement answers to incorporate
into the ordering model.

At operation 1206, a query is generated based on the
attributes extracted at operation 1204. As shown, the query
may be based on attributes such as, but not limited to, skills
identified in the attributes, geographic locations (e.g., work
locations of recent hires, office locations for a job posting),
and roles. Each role identified in the extracted attributes may
include a respective job title, and such job titles can be used
in operation 1206 to generate the query. Operation 1206 may
comprise identifying skills clusters based on the extracted
attributes extracted at operation 1204, and generating, by a
query builder, a search query based at least in part on the
identified skills clusters.

In an embodiment, at operation 1206, candidates repre-
sented by one more stream refinement answers are ordered
and evaluated based on the extracted one or more attributes.
The initial orderings obtained by performing operation 1206
can be presented to a user as candidate documents (e.g.,
member profiles or summaries for candidates) in a candidate
stream.

At operation 1208, the search query is executed on a
plurality of member profiles (e.g., profiles in an online
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system hosting a social networking service) to return one or
more suggested candidate documents. Candidates repre-
sented by the one more suggested candidate documents are
ordered at operation 1208 based on candidate-based attri-
butes extracted from the suggested candidate documents.
The initial orderings obtained by performing operation 1208
can be presented to a user as suggested candidate documents
(e.g., member profiles or summaries for candidates) in a
candidate stream.

According to certain embodiments; the operation 1208
also filters the data set for a candidate count in order to be
able to evaluate online updates to the candidate orders. Some
of these embodiments use a certain number of initially
ordered candidates as input. In additional or alternative
embodiments, filtering can also be performed according to a
total number of successful reviews and other feedback
measurements. Feature selection can also performed as part
of operation 1208. In an embodiment, operation 1208
obtains an informational feature vector for each candidate
represented in the suggested candidate documents to incor-
porate into an ordering model.

As shown, at operation 1208, results of the candidate
ordering are displayed. Operation 1208 may comprise caus-
ing the ordered candidates results (e.g., the top-ranked
candidate documents as ordered) to be displayed on a
display device. The ordering results displayed at operation
1208 may be presented in an interactive user interface on a
display screen of a computing device.

At operation 1210, feedback regarding presented candi-
date documents is solicited, received, and measured. As
shown, operation 1210 can include accessing or receiving
user feedback as ratings of the top-ordered candidate docu-
ments displayed at operation 1208. The feedback can be
feedback from a user such as a recruiter or hiring manager.
Here, the suggested candidate documents may be member
profiles in a social networking service. Based on user ratings
feedback (acceptance, deferral, or rejection rating, numeri-
cal ratings, star ratings) and additional user feedback (e.g. a
response to a prompt to display a certain number of addi-
tional candidates to improve the stream), the method 1200
can return additional candidates to a user. In some embodi-
ments, operation 1210 considers additional feedback such
as, for example, an explicit request to see five additional
candidates, an implied or inferred request to see additional
candidates similar to positively-rated candidates (e.g., can-
didates accepted by a user providing candidate ratings).

Operation 1210 can include accessing or receiving
explicit and implicit user feedback. The feedback can be
feedback from a user such as a recruiter or hiring manager.
Here, the stream refinement answers may be member pro-
files in a social networking service. Based on explicit user
feedback (acceptance, deferral, or rejection rating, user-
specified job title and location, etc.) and implicit user input
and feedback (similar company matching, dwell time, pro-
file sections viewed, and number of revisits to a saved
candidate profile, etc.), the method 1200 can return potential
candidates to a user such as a recruiter or hiring manager. In
some embodiments, operation 1210 considers implicit feed-
back such as, for example, a similarity between the attributes
extracted at operation 1204 and corresponding attributes of
positively-rated candidates (e.g., candidates accepted by a
user providing explicit feedback), and a similarity between
employers (past or present) of suggested candidates and
employers of positively-rated candidates.

Feedback received at operation 1210 can include explicit
feedback such as acceptance, deferral, or rejection ratings of
a presented candidate by a user (e.g., recruiter feedback).
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Feedback received at operation 1210 can also include a
user’s interest in viewing a certain number (e.g., five) of
additional candidates. For example, starting with a set of
suggested candidates for a title (i.e., suggested candidates
for a given job title) specified by the stream, an embodiment
prompts a user to review additional candidates when user
rejects some of the set of suggested candidates. In an
embodiment, the additional candidates may include similar
features (e.g., skills, education, experience, roles with job
titles, current and past organizations) to positively-rated
suggested candidates (e.g., accepted candidates).

Explicit feedback received at operation 1210 can also
include a user’s interest in member urns and can be used in
method 1200 to identify ranking and recall limitations of
previously displayed profiles and to devise reformulation
schemes for query intent clusters. For example, starting with
a set of suggested desired candidates for a title (i.e., sug-
gested candidates for a given job title) specified by the
stream, an embodiment represents a candidate profile as a
bag of urns. In this example, an urn is an entity type
associated with a member profile, where an entity type
represents an attribute or feature of the member’s profile
(e.g., skills, education, experience, current and past organi-
zations). For instance, member profiles can be uniquely
identified by urns, where the urns can include urns for skills
(e.g., C++ programming experience) and other urns for
company or organization names (e.g., names of current and
former employers). Implicit feedback received at operation
1210 can include measured metrics such as dwell time,
profile sections viewed, and a number of revisits to a saved
candidate profile.

At operation 1212, candidates are re-ordered based on the
feedback received at operation 1210. The re-ordering of
operation 1212 can include performing a cold start of an
ordering model with a first candidate and user feedback that
the first candidate received (e.g., a rating of the first candi-
date). In operation 1212, the ordering model can be used to
order a pool of candidates (excluding the first candidate
since it has already been used). Based on the current
ordering of the candidates determined in operation 1208, the
method 1200 retrieves additional candidates with the highest
orderings. This can be done in the context of an online
system that is presenting a candidate to the user based on the
feedback it has received thus far at operation 1210. Using
the feedback for the current candidate received at operation
1210, and a feature vector representing the candidate to the
ordering model, the method 1200 updates the ordering
model by performing operation 1212.

In an embodiment, operation 1212 re-orders the pool of
candidates that have not yet been used according to the
updated model. Then, the method 1200 repeatedly retrieves
the candidate with the highest rating until all candidates in
the pool have been exhausted.

To judge the effectiveness of the ordering model at
selecting favorably rated candidates before unfavorably
rated candidates, the method 1200 can include computing
ordering metrics measuring precision and candidate feature
weights as part of operation 1212.

The method 1200 can include implementing a simulated
data flow for ingesting an initial ordering model at operation
1208 and updating it at operation 1212 based on feedback
received and measured at operation 1210, and then perform-
ing further iterations of the offline experimental simulations
by repeating operations 1206, 1208, 1210, and 1212. These
offline experimental simulations can employ different mod-
els, use a warm-start of models, and utilize different features.
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Some embodiments use feedback that is given by recruiter
users, rather than other users such as hiring managers. These
embodiments can potentially take less domain knowledge
into account by not relying on feedback from an organiza-
tion’s hiring manager. Certain embodiments incorporate
feedback received at operation 1210 to update candidate
orderings offline at operation 1210.

As shown, operations 1206, 1208, 1210, and 1212 can be
repeated to perform re-ordering and evaluation based on
repeated user feedback received at operation 1210.

FIG. 13 is a flow diagram illustrating a method of
generating a search query based on one or more extracted
attributes, in accordance with an example embodiment. FIG.
13 corresponds to operation 1106 of FIG. 11 in more detail.

As shown, attribute extraction operations 1301, 1302,
1303, 1304, 1305 and 1306 may be performed in parallel as
part of operation 1300. For example, the attribute extractions
of operations 1301, 1302, 1303, 1304, 1305 and 1306 may
be performed substantially simultaneously, and the extracted
attributes from these operations are then passed to operation
1308. That is, similar attributes may be extracted from each
of the information sources shown in operations 1301, 1302,
1303, 1304, 1305 (e.g., stream refinement questions), and
1306.

At operation 1300, one or more attributes are extracted
from one or more information sources. In the example of
FIG. 13, the information sources may include suggested
candidate documents (e.g., member profiles for suggested
candidates in a stream), job postings, recent hire documents
(e.g., member profiles for recent hires), stream refinement
questions (e.g., user responses to presented stream refine-
ment questions). In certain embodiments, attributes may be
extracted from combinations and subsets of the information
sources shown in FIG. 13. In additional or alternative
embodiments, attributes may also be extracted from other
information sources related to a candidate stream.

As shown in the non-limiting example of FIG. 13, opera-
tion 1300 comprises performing operation 1301 to extract
one or more attributes from suggested candidate documents.
The one or more attributes extracted at operation 1300 may
include titles, such as, for example, job titles, roles, and
positions. In an embodiment, operation 1301 may include
accessing a plurality of suggested candidate documents and
may further include aggregating the extracted one or more
attributes across the plurality of suggested candidate docu-
ments. In certain embodiments, operation 1301 comprises
identifying and selecting top attributes most similar to
attributes of all of the one or more suggested candidate
documents.

In some embodiments, operation 1300 also includes
expanding an extracted title attribute based on a look up
table that stores related or synonymous titles and suggested
titles based on the title and its related or synonymous titles.
For example, the title attribute for a title of ‘software
developer’ may be expanded to the related title of ‘software
engineer’ at operation 1301. In some embodiments related
titles may be accessed or obtained from a data store or an
algorithm. The related titles need not be synonyms (e.g.,
software developer and software engineer are synonymous
titles), but only need be related (e.g., React developer and
JavaScript developer are related titles). The related titles
need not be generated ahead of time and stored in the data
store (e.g., a database), but can be generated at runtime by
an algorithm.

At operation 1302, one or more attributes are extracted
from one or more pages of a hiring organization. The one or
more attributes extracted at operation 1302 may include
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attributes indicating office locations. professional certifica-
tions and licenses, areas of expert knowledge, and skill
endorsements. In an embodiment, operation 1302 may
include accessing a plurality of hiring company pages.

In some embodiments, operation 1302 also comprises
calculating a set of expertise scores for the extracted attri-
butes using a statistical model and a set of features regarding
skills corresponding to the one or more areas of expertise.
The statistical model may be a logistic regression model
trained using a machine learning algorithm. According to
certain embodiments, operation 1302 further comprises
using the expertise scores to rank skills of the one or more
suggested candidate documents accessed at operation 1300,
using the top attributes identified and selected at operation
1300.

At operation 1303, one or more attributes are extracted
from one or more job postings. Operation 1303 can comprise
extracting attributes from a fully-fledged job posting with a
textual description of the job requirements and fields speci-
fying numerous attributes such as industry, full-time vs
part-time, salary range, seniority level, and education
requirements.

At operation 1304, one or more attributes are extracted
from one or more similar organizations. The similar orga-
nization may include organizations (e.g., companies, uni-
versities, hospitals, government agencies, and other organi-
zations with employees) that are similar to a hiring
organization. The one or more attributes extracted at opera-
tion 1304 may include attributes of similar organizations
such as, for example, job titles, roles, and open positions at
the similar organizations. In an embodiment, operation 1304
may include accessing a plurality of similar organizations
(e.g., similar companies) and may further include aggregat-
ing the extracted one or more attributes across the plurality
of similar organizations.

At operation 1305, one or more attributes are extracted
from one or more stream refinement questions. Operation
1305 can comprise extracting attributes from user-provided
answers to stream refinement questions such as, for
example, questions regarding ideal candidates, organiza-
tions and companies, arcas of expertise and skills, and
keywords. In certain embodiments, there are four types of
stream refinement questions that may be asked, and attri-
butes may be extracted from answers to these questions. The
first type of stream refinement question that may be asked is
regarding areas of expertise (e.g., what skill sets are most
important?). An area of expertise is typically higher level
than individual skills. For example, skills might be CSS,
HTML, and JavaScript, whereas the corresponding area of
expertise might be web development. A second type of
refinement question that may be asked is regarding a user’s
ideal candidate (e.g., do you know someone that would be
a good fit for this job so that similar people can be found?).
A third type of refinement question that may be asked is
regarding organizations (e.g., what types of companies
would you like to hire from?). A fourth type of refinement
question that may be asked is regarding keywords (e.g., are
there any keywords that are relevant to this job?). Operation
1305 may comprise extracting attributes from answers to
one or more of these types of stream refinement questions.

Operating 1305 can comprise extracting one or more
attributes from one or more areas of expertise. The one or
more attributes extracted at operation 1305 may include
attributes indicating areas of expertise such as, for example,
job skills, professional certifications and licenses, areas of
expert knowledge, and skill endorsements. In an embodi-
ment, operation 1305 may include accessing a plurality, of
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areas of expertise and may further include aggregating the
extracted one or more attributes across these areas of exper-
tise. For example, operation 1305 can comprise getting the
areas of expertise by asking the user a stream refinement
question (e.g., which area of expertise is most important to
you?).

At operation 1306, one or more attributes are extracted
from one or more recent hire documents. Operation 1306
can comprise extracting attributes from member profiles for
recent hires. As shown in FIG. 13, operation 1306 can also
comprise extracting attributes from a recruiter’s profile (e.g.,
the recruiter’s LinkedIn profile).

At operation 1308, the extracted attributes from opera-
tions 1300, 1302, 1303, 1304, 1305 and 1306 are expanded
to include similar attributes. In example embodiments, the
attributes for titles may be expanded at operation 1306 to
include job titles, roles, and positions that are similar to the
titles extracted at operation 1300.

At operation 1308 attributes are added to a search query.
As shown, in some embodiments, operation 1308 can
optionally include adjusting weights of query terms in the
search query. In an example, operation 1308 comprises
adding or more top-ranked skills from operation 1302 to the
search query.

FIG. 14 is a flow diagram illustrating a method 1400 for
generating labels for sample suggested candidate member
profiles, in accordance with an example embodiment. At
operation 1402, one or more stream-related information
sources are accessed. As shown in FIG. 14, operation 1402
may comprise accessing one or more of job postings and
recent hire member profiles in a social networking service.
The stream-related information sources accessed at opera-
tion 1402 can also include sample stream refinement
answers in the social networking service as well as feedback
on previously rated member profiles in the social networking
service for a current stream.

At operation 1404, one or more sample search result
member profiles in a social networking service are accessed.
Operation 1404 can include obtaining sample suggested
candidate profiles that are retrieved as the result of a
candidate search query.

At operation 1406, for each sample search result contain-
ing the prior feedback and stream refinement answers, a
label is generated using a score generated from log infor-
mation of the social networking service. The log information
includes records of communications between a searcher and
members of the social networking service, the score being
higher if the searcher communicated with both the member
corresponding to the sample suggested candidate member
profile and the member corresponding to the sample search
result member profile in a same search session.

The log information may further include records of user
input by the searcher, the user input causing interaction with
member profiles in the social networking service but not
resulting in communications between the searcher and the
members of the social networking service corresponding to
both the sample suggested candidate member profile and the
sample search result member profile in the same search
session. An example would include the searcher clicking on
member profiles and viewing the member profiles but not
emailing the corresponding members. A search session may
be defined in a number of different ways. In one example
embodiment, a search session is the same as a browsing
session (e.g., as long as the searcher is logged in to the social
networking service). In another example embodiment, the
search session is limited to a period of time between a
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searcher initiating a search and the searcher submitting an
unrelated search or logging off the social networking ser-
vice.

At operation 1408, the generated labels are fed into a
machine learning algorithm to train a combined ordering
model used to output ordering scores for search result
member profiles. In some embodiments, the machine learn-
ing algorithm used at operation 1408.

FIG. 15 is a flow diagram illustrating an example method
1500 of generating suggested streams in accordance with an
example embodiment. Optional and/or additional blocks are
indicated in the flow diagram by dashed lines.

In some embodiments, prior to operation 1502, the
method 1500 defines a candidate stream based on obtained
user responses. For example, the user may provide a mini-
mal set of stream definition answers comprising a title, and
optionally a geographic location (e.g., a city or metropolitan
area and a hiring organization (e.g., a company seeking to
hire someone to fill a position with the given title in the
given location).

According to certain embodiments, as a starting point for
the method 1500, the user may also provide a fully-fledged
job posting with a textual description of the job requirements
and fields specifying numerous attributes such as industty, vs
part-time, salary range, seniority level, and education
requirements.

At operation 1502, organizations (e.g., companies) that
are similar to a hiring organization are identified. In the
example of FIG. 15, operation 1502 may comprise finding
similar companies using a factorization machine. In an
additional or alternative embodiment depicted in FIG. 15,
operation 1502 may comprise finding similar companies
based on companies the hiring organization’s employees
have worked for in the past.

At operation 1504, titles held by employees of the similar
organizations are determined. Operation 1504 comprises
gathering titles of employees of the similar organizations
(e.g., companies, government agencies, universities, and
other similar organizations) identified at operation 1502.

At operation 1506, a set of common and diverse titles of
the determined titles is caused to be presented as suggested
titles for a candidate stream. In an embodiment, operation
1506 may comprise one or more processors of a computing
device causing presentation of the suggested titles on a
display device of the computing device to a user (e.g., a
recruiter) of the computing device. In an additional or
alternative embodiment, operation 1506 can comprise dis-
playing suggested titles in a user interface of a recruiting
tool.

At operation 1508, a list of places the hiring organization
has employees is generated. As shown in FIG. 15, operation
1508 can comprise generating a list of geographic locations,
such as, for example, cities, metropolitan areas, counties,
provinces, postal codes, counties, provinces, states, and
other geographic areas, where the hiring organization (e.g.,
company) already has employees.

At operation 1510, the list of places generated at operation
1508 is sorted and displayed. As depicted in FIG. 15,
operation 1510 can comprise causing presentation of the
most common places in the list as suggested places for the
candidate stream. In an embodiment, operation 1510 may
comprise one or more processors of a computing device
causing presentation of the suggested places on a display
device of the computing device to a user (e.g., a recruiter) of
the computing device. In an additional or alternative
embodiment, operation 1510 can comprise displaying sug-
gested places in a user interface of a recruiting tool. As with
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operation 1508, the suggested places presented at operation
1510 may be geographic locations, such as, for example,
cities, metropolitan areas, counties, provinces, postal codes,
counties, provinces, states, and other geographic areas.

In some embodiments, the method 1500 optionally
includes one or both of operations 1512 and 1514, which are
described below.

At optional operation 1512, stream refinement questions
for the candidate stream may be presented. In the example
embodiment of FIG. 15, operation 1512 comprises display-
ing questions regarding the most relevant expertise, skills,
connections, and organizations (e.g., companies) so that the
current candidate stream can be refined. In an embodiment,
operation 1512 may comprise one or more processors of a
computing device causing presentation of the stream refine-
ment questions on a display device of the computing device
to a user (e.g., a recruiter) of the computing device. In an
additional or alternative embodiment, operation 1512 can
comprise displaying the stream refinement questions in a
user interface of a recruiting tool.

Optional operation 1512 may comprise presenting stream
refinement questions prompting for additional input if the
candidate stream is underspecified (i.e., too few quality
candidates) or if additional information would improve
results by modifying the stream to include a greater propor-
tion of quality candidates. In an example where a user secks
to hire an accountant, the stream refinement questions pre-
sented in operation 1512 may include ‘is it a requirement
that the candidate be a CPA?.’

According to some embodiments, optional operation 1512
may include presenting questions to a user asking the user to
provide the most relevant area of expertise. For example, if
the title “Software Engineer” was a title determined in
operation 1504 and presented as a suggested title in opera-
tion 1506, the stream refinement questions presented in
operation 1512 may include questions asking a user whether
one or more of the titles “Frontend Development”, “Back-
end Development”, or “Machine [earning” is most relevant
to the role being filled. Additionally, operation 1512 may
also present the user with the option of entering an area of
expertise not mentioned. In some embodiments, operation
1512 may comprise presenting a stream refinement question
asking the user what type of organization (e.g., company)
the user would most like to hire from. For instance, opera-
tion 1512 may also comprise prompting the user with three
example companies (e.g., similar companies identified at
operation 1502) and present the user with the option of
choosing a company not listed. Some embodiments, opera-
tion 1512 may comprise prompting the user to indicate
which of their connections on a professional network would
be the best fit for the role being filled.

In some embodiments, optional operation 1512, presents
stream refinement question asking the user for additional
information beyond presenting a stream of candidates and
prompting the user to indicate whether a suggested candi-
date is a good match for a position. For instance, the stream
refinement questions in operation 1512 go beyond asking the
user to review suggested candidates and indicating which of
the candidates represents an ideal candidate. In embodi-
ments, the stream refinement questions presented in opera-
tion 1512 include questions asking the user to select areas of
expertise relevant to the job, to select the types of organi-
zations (e.g., companies) they would like to hire from, and
prompts to provide relevant keywords. Operation 1512 can
also include presenting prompts for responses to stream
refinement questions that are based on suggested candidates
included in the current candidate stream.
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At optional operation 1514, the candidate stream may be
modified based on responses to the stream refinement ques-
tions presented at operation 1512 and other recruiter feed-
back. In an embodiment, operation 1514 comprises obtain-
ing responses to the stream refinement questions and
recruiter feedback (e.g., feedback on a suggested candidate),
and then dynamically tuning the candidate stream in accor-
dance with the responses. For example, responsive to receiv-
ing a response to a stream refinement question, operation
1514 can alter a candidate stream so that candidates that
more-closely match the response are presented to a user
(e.g., a recruiter). Also, for instance, if the recruiter modifies
their job posting (e.g., by changing required skills, desired
education, and/or desired seniority), operation 1514 can
comprise updating the stream accordingly in line with the
recruiter’s modifications to the job posting. That is, the set
of candidates returned in the stream can be updated at
operation 1514 every time any new information from a
stream-related information source is received (such as the
stream-related information sources depicted in FIGS. 3 and
13), not just stream refinement questions.

FIG. 16 is a flow chart illustrating an example method
1600 for query term weighting (QTW), in accordance with
some embodiments. The method 1600 is described here as
being implemented within the client-server system 100 of
FIG. 1. However, the operations of the method 1600 may
also be implemented in other systems with different
machines from those shown in FIG. 1.

At operation 1610, a search query for employment can-
didates is obtained. In an embodiment, operation 1610
comprises the application server 118 receiving the search
query from the client machine 110. The search query
includes a set of parameters, for example, “programmer,”
“Java,” “C++,” and “San Francisco.” Each parameter may
be associated with a weight. For example, each of the
parameters may have a weight of 165, indicating that each
parameter is equally important. The parameters may include
one or more of: skills (e.g., “real estate sales,” “article
editing”), prior or current work experience (e.g., “five years
of experience as a real estate broker”), prior or current
education (e.g., “Bachelor’s Degree,” “Ivy League”™), years
of experience, seniority, pedigree, and industry. In some
aspects, the current work experience and/or the current
education may be weighted more than the prior work
experience and/or the prior education.

At operation 1620, the application server 118 generates,
from the database 126 storing records associated with pro-
fessionals, a first set of search results based on the set of
parameters and the weights of the parameters in the set. For
example, the first set of search results may include profes-
sional records 112 related to programmers from San Fran-
cisco who have the skills “Java” or “C++.”

At operation 1630, the first set of search results are
transmitted. As shown in the example of FIG. 16, operation
1630 may be accomplished by the application server 118
transmitting, to the client machine 110 (or client machine
112), the first set of search results.

At operation 1640, a response to search result(s) is
obtained. In an example embodiment depicted in FIG. 16,
operation 1640 can comprise the application server 118
receiving, from the client machine 110 (or client machine
112), the response to search result(s). The search result(s) are
associated with a set of factors. The factor(s) in the set may
correspond to any parameters, for example, skills, work
experience, education, years of experience, seniority, pedi-
gree, and industry. The response indicates a level of interest
in the search result(s). For example, the response may
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indicate that the user of the client machine 110 (or client
machine 112) is interested in the search result(s) (e.g., a
positive response), is not interested in the search result(s)
(e.g., a negative response), or has ignored the search
result(s) (e.g., a neutral response).

A positive response may include communication, to the
application server 118, that any positive action in hiring a
candidate associated with a search result (e.g., correspond-
ing to the professional record 112 of the search result) has
taken place. Examples of positive responses include: select-
ing a link for more information about the search result,
obtaining contact information for a candidate associated
with the search result, noting that the candidate has been
invited to interview, noting that the candidate has received
an offer, noting that the candidate has accepted the offer,
noting that the candidate has started work at a business
associated with the user of the client machine 110 (or client
machine 112), and noting that the candidate received good
reviews from the business. A negative response may include
communication, to the application server 118, that any
negative action in hiring the candidate has taken place.
Examples of negative responses include: indicating disin-
terest in the search result, indicating a decision not to
proceed with the candidate’s application for the job (e.g.,
before or after an interview), or receiving an indication that
the candidate started work at the business but was not a good
fit.

At operation 1650, the application server 118 adjusts the
parameters in the set of parameters or adjusts the weights of
the parameters based on the response to the search result(s).
For example, if the user of the client machine 110 (or client
machine 112) indicates interest in multiple search results
that have the skill “Java” and indicates disinterest in search
results that lack the skill “Java,” the weight of the skill
“Java” may be increased. Conversely, if the user’s interest is
determined to be independent of the skill “C++” (e.g., 60%
of the search results have the skill “C++,” and the same
percentage of the search results in which the user is inter-
ested have that skill), the weight of the skill “C++” may be
decreased or the parameter “C++” may be removed from the
search query.

In some examples, the application server 118 determines
that the response to the search result(s) is a positive response
(e.g., an indication of interest). The application server 118
increases a weight of a parameter based on the response to
the search result(s) being associated with the parameter and
based on multiple other search results in the first set of
search results not being associated with the parameter. In
some examples, the application server 118 determines that
the response to the search result(s) is a negative response
(e.g., an indication of disinterest). The application server 118
decreases a weight of a parameter based on the response to
the search result(s) being associated with the parameter and
based on multiple other search results in the first set of
search results not being associated with the parameter.

In some cases, the search result(s) include multiple search
results having a positive response and multiple search results
having a negative response or a neutral response. To adjust
the parameters in the set of parameters or adjust the weights
of the parameters based on the response to the search
result(s), the application server 118 determines that a first
parameter appears in a higher ratio in the multiple search
results having the positive response than in the multiple
search results having the negative response or the neutral
response. The application server 118 increases a weight of
the first parameter based on the higher ratio.
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In some cases, the search result(s) include multiple search
results having a positive response and multiple search results
having a negative response or a neutral response. To adjust
the parameters in the set of parameters or adjust the weights
of the parameters based on the response to the search
result(s), the application server 118 determines that a second
parameter appears in a lower ratio in the multiple search
results having the positive response than in the multiple
search results having the negative response or the neutral
response. The server decreases a weight of the second
parameter based on the lower ratio.

According to some examples, the search result has a
positive response. To implement operation 1650, the appli-
cation server 118 computes, for a first parameter that appears
in the search result, a numerical statistic based on a number
of search results associated with the first parameter that had
a positive response, a negative response, and a neutral
response, a total number of search results, and an average
number of parameters associated with each search result.
The application server 118 increases a weight of the first
parameter based on the numerical statistic. For example, if
the search query was for professional records associated
with the skill “real estate sales,” and search result(s) with
positive response(s) included the job title “Realtorg,” while
search result(s) with neutral or negative response(s) did not
include this job title, the weight for the parameter <job title
is “Realtor®”> may be increased.

According to some examples, the search result has a
negative response. To implement operation 1650, the appli-
cation server 118 computes, for a first parameter that appears
in the search result, a numerical statistic based on a number
of search results associated with the first parameter that had
a positive response, a negative response, and a neutral
response, a total number of search results, and an average
number of parameters associated with each search result.
The application server 118 decreases a weight of the first
parameter based on the numerical statistic. For example, if
the search query was for professional records associated
with the skill “software development,” and search results)
with negative response(s) included the job title “front end
developer,” while search result(s) with positive response(s)
did not include this job title, the weight for the parameter
<job title is “front end developer”> may be decreased (as it
is likely that the user is searching for someone who is skilled
in software development but is not a front end developer,
e.g., someone who is a back end developer).

The numerical statistic may correspond to a term fre-
quency-inverse document frequency (TF-IDF). TF-IDF is a
numerical statistic is intended to reflect how important a
word is to a document in a collection or corpus. It is often
used as a weighting factor in searches of information
retrieval, text mining, and user modeling. The TF-IDF value
may increase proportionally to the number of times a word
appears in the document. In some cases, the TF-IDF is offset
by the frequency of the word in the corpus, which helps to
adjust for the fact that some words appear more frequently
in general.

The TF-IDF is the product of two statistics—the term
frequency (TF) and the inverse document frequency (IDF).
The TF may correspond to the raw count of a term in a
document—the number of times a term t occurs in a docu-
ment d. The document d may correspond to a profile in a
professional networking service, and the term t may be a
parameter from the search query, for example “patent law-
yer.” The IDF measures whether the term is common across
all documents (e.g., all profiles in the professional network-
ing service) or only appears in a small subset of the
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documents. The IDF may correspond to a logarithmically
scaled inverse fraction of the documents that contain the
term, obtained by dividing the total number of documents by
the number of documents containing the term, and then
taking the logarithm of that quotient.

In some cases, the user of the client machine 110 (or client
machine 112) may be prompted to specify why he/she
provided a positive or negative response to a search result.
For example, the user may specify that she provided a
negative response to a search result due to an industry
associated with the search result being “banking” rather than
“software,” In this case, the search parameter “industry—
software” may be added to the search query, and search
results associated with “industry software” may be boosted.

The parameters and weights may further be adjusted
based on business records or the search records stored in the
database 126. For example, if searches associated with the
business for which the user of the client machine 110 (or
client machine 112) is searching typically had higher
weights for the skill “Java,” the weight for the skill “Java”
may be increased.

At operation 1660, an output is provided, the output being
based on the adjusted parameters or the adjusted weights. In
an embodiment, operation 1660 may comprise providing, by
the application server 118 an output (e.g., to the client
machine 110 or to the client machine 112) based on the
adjusted parameters or the adjusted weights. The output may
include the adjusted parameters or the adjusted weights
themselves, which may be presented for approval by the user
of the client machine 110 (or client machine 112). Alterna-
tively, the output may include a second set of search results.
The second set of search results is generated based on the
adjusted set of parameters or the adjusted weights, for
example, by searching the database 126 (e.g., professional
data repository). In some examples, the output includes the
first set of search results of the original search (from
operation 1620) reordered based on the adjusted parameters
or the adjusted weights.

FIG. 17 is a screen capture illustrating a first screen 1700
of a user interface for performing a stream refinement
question-based search for candidates in accordance with an
example embodiment. The first screen 1700 includes an area
1702 where a searcher can review one or more suggested
candidates for the search. As shown, area 1702 can display
attributes of the suggested candidates such as the candidates’
names and job titles (e.g., positions).

FIG. 18 is a screen capture illustrating a second screen
1800 of the user interface for performing a stream refine-
ment question-based candidate search, in accordance with
an example embodiment. The second screen 1800 presents
results 1802 of the search, as well as displaying the query
generated using the specified suggested candidates. For
example, the query terms 1804, 1806, and 1808 used for the
search are displayed in the second screen 1800. The query
may be displayed by highlighting terms of the query in
various categories. In the example of FIG. 18, a job title
1804 indicates that ‘software engineer’ is a job title term that
was generated for the query, a skill 1806 indicates that
‘python’ is a skill term that was generated for the query, and
an industry 1808 indicates that ‘Internet’ is an industry term
that was generated for the query. The searcher can then
easily modify the query by adding additional terms to the
query and/or removing some of the identified terms that had
been previously generated.

Blocks, Components, and Logic

Certain embodiments are described herein as including
logic or a number of components, blocks, modules, or
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mechanisms. Blocks may constitute machine components
implemented as a combination of software modules (e.g.,
code embodied on a machine-readable medium) and hard-
ware modules. A ‘hardware module’ is a tangible unit
capable of performing certain operations and may be con-
figured or arranged in a certain physical manner. In various
example embodiments, one or more computer systems (e.g.,
a standalone computer system, a client computer system, or
a server computer system) or one or more hardware modules
of a computer system (e.g., a processor or a group of
processors) may be configured by software (e.g., an appli-
cation or application portion) as a hardware module that
operates to perform certain operations as described herein.

In some embodiments, a hardware module may be imple-
mented mechanically, electronically, or any suitable combi-
nation thereof. For example, a hardware module may
include dedicated circuitry or logic that is permanently
configured to perform certain operations. For example, a
hardware module may be a special-purpose processor, such
as a Field-Programmable Gate Array (FPGA) or an Appli-
cation-Specific Integrated Circuit (ASIC), A hardware mod-
ule may also include programmable logic or circuitry that is
temporarily configured by software to perform certain
operations. For example, a hardware module may include
software executed by a general-purpose processor or other
programmable processor. Once configured by such software,
hardware modules become specific machines (or specific
components of a machine) uniquely tailored to perform the
configured functions and are no longer general-purpose
processors. It will be appreciated that the decision to imple-
ment a hardware module mechanically, in dedicated and
permanently configured circuitry, or in temporarily config-
ured circuitry (e.g., configured by software) may be driven
by cost and time considerations.

Hardware modules can provide information to, and
receive information from, other hardware modules. Accord-
ingly, the described hardware modules may be regarded as
being communicatively coupled. Where multiple hardware
modules exist contemporaneously, communications may be
achieved through signal transmission (e.g., over appropriate
circuits and buses) between or among two or more of the
hardware modules. In embodiments in which multiple hard-
ware modules are configured or instantiated at different
times, communications between or among such hardware
modules may be achieved, for example, through the storage
and retrieval of information in memory structures to which
the multiple hardware modules have access. For example,
one hardware module may perform an operation and store
the output of that operation in a memory device to which it
is communicatively coupled. A further hardware module
may then, at a later time, access the memory device to
retrieve and process the stored output. Hardware modules
may also initiate communications with input or output
devices, and can operate on a resource (e.g., a collection of
information).

Hardware modules can provide information to, and
receive information from, other hardware modules. Accord-
ingly, the described hardware modules may be regarded as
being communicatively coupled. Where multiple hardware
modules exist contemporaneously, communications may be
achieved through signal transmission (e.g., over appropriate
circuits and buses) between or among two or more of the
hardware modules. In embodiments in which multiple hard-
ware modules are configured or instantiated at different
times, communications between such hardware modules
may be achieved, for example, through the storage and
retrieval of information in memory structures to which the
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multiple hardware modules have access. For example, one
hardware module may perform an operation and store the
output of that operation in a memory device to which it is
communicatively coupled. A further hardware module may
then, at a later time, access the memory device to retrieve
and process the stored output. Hardware modules may also
initiate communications with input or output devices, and
can operate on a resource (e.g., a collection of information).

The various operations of example methods described
herein may be performed, at least partially, by one or more
processors that are temporarily configured (e.g., by soft-
ware) or permanently configured to perform the relevant
operations. Whether temporarily or permanently configured,
such processors may constitute processor-implemented
modules that operate to perform one or more operations or
functions described herein. As used herein, the term ‘pro-
cessor-implemented module’ refers to a hardware module
implemented using one or more processors.

Similarly, the methods described herein may be at least
partially processor-implemented, with a particular processor
or processors being an example of hardware. For example,
at least some of the operations of a method may be per-
formed by one or more processors or processor-imple-
mented modules. Moreover, the one or more processors may
also operate to support performance of the relevant opera-
tions in a ‘cloud computing’ environment or as a ‘software
as a service’ (SaaS). For example, at least some of the
operations may be performed by a group of computers (as
examples of machines including processors), with these
operations being accessible via a network (e.g., the Internet)
and via one or more appropriate interfaces (e.g., an API).

The performance of certain of the operations may be
distributed among the processors, not only residing within a
single machine, but deployed across a number of machines.
In some example embodiments, the processors or processor-
implemented modules may be located in a single geographic
location (e.g., within a home environment, an office envi-
ronment, or a server farm). In other example embodiments,
the processors or processor-implemented modules may be
distributed across a number of geographic locations.

Machine and Software Architecture

The modules, methods, applications, and user interfaces
described in conjunction with FIGS. 1-18 are implemented
in some embodiments in the context of a machine and an
associated software architecture. The sections below
describe representative software architecture(s) and machine
(e.g., hardware) architecture(s) that are suitable for use with
the disclosed embodiments.

Software architectures are used in conjunction with hard-
ware architectures to create devices and machines tailored to
particular purposes. For example, a particular hardware
architecture coupled with a particular software architecture
will create a mobile device, such as a mobile phone, tablet
device, or so forth. A slightly different hardware and soft-
ware architecture may yield a smart device for use in the
internet of things (IoT), while yet another combination
produces a server computer for use within a cloud comput-
ing architecture. Not all combinations of such software and
hardware architectures are presented here, as those of skill
in the art can readily understand how to implement the
inventive subject matter in different contexts from the dis-
closure contained herein.

Software Architecture

FIG. 19 is a block diagram 1900 illustrating a represen-
tative software architecture 1902, which may be used in
conjunction with various hardware architectures herein
described. FIG. 19 is merely a non-limiting example of a
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software architecture, and it will be appreciated that many
other architectures may be implemented to facilitate the
functionality described herein. The software architecture
1902 may be executing on hardware such as a machine 2000
of FIG. 20 that includes, among other things, processors
2010, memorylstorage 2030, and /O components 2050. A
representative hardware layer 1904 is illustrated and can
represent, for example, the machine 2000 of FIG. 20. The
representative hardware layer 1904 comprises one or more
processing units 1906 having associated executable instruc-
tions 1908. The executable instructions 1908 represent the
executable instructions of the software architecture 1902,
including implementation of the methods, blocks, modules,
user interfaces, and so forth of FIGS. 1-18. The hardware
layer 1904 also includes memory and/or storage modules
1910, which also have the executable instructions 1908. The
hardware layer 1904 may also comprise other hardware
1912, which represents any other hardware of the hardware
layer 1904, such as the other hardware illustrated as part of
the machine 1900.

In the example architecture of FIG. 19, the software
architecture 1902 may be conceptualized as a stack of layers
where each layer provides particular functionality. For
example, the software architecture 1902 may include layers
such as an operating system 1914, libraries 1916, frame-
works/middleware 1918, applications 1920, and a presenta-
tion layer 1944. Operationally, the applications 1920 and/or
other components within the layers may invoke API calls
1924 through the software stack and receive responses,
returned values, and so forth, illustrated as messages 1926,
in response to the API calls 1924, The layers illustrated are
representative in nature and not all software architectures
have all layers. For example, some mobile or special-
purpose operating systems may not provide a layer of
frameworks/middleware 1918, while others may provide
such a layer. Other software architectures may include
additional or different layers.

The operating system 1914 may manage hardware
resources and provide common services. The operating
system 1914 may include, for example, a kernel 1928,
services 1930, and drivers 1932. The kernel 1928 may act as
an abstraction layer between the hardware and the other
software layers. For example, the kernel 1928 may be
responsible for memory management, processor manage-
ment (e.g., scheduling), component management, network-
ing, security settings, and so on. The services 1930 may
provide other common services for the other software layers.
The drivers 1932 may be responsible for controlling or
interfacing with the underlying hardware. For instance, the
drivers 1932 may include display drivers, camera drivers,
Bluetooth® drivers, flash memory drivers, serial communi-
cation drivers (e.g., Universal Serial Bus (USB) drivers),
Wi-Fi® drivers, audio drivers, power management drivers,
and so forth depending on the hardware configuration.

The libraries 1916 may provide a common infrastructure
that may be utilized by the applications 1920 and/or other
components and/or layers. The libraries 1916 typically pro-
vide functionality that allows other software modules to
perform tasks in an easier fashion than by interfacing
directly with the underlying operating system 1914 func-
tionality (e.g., kernel 1928, services 1930, and/or drivers
1932). The libraries 1916 may include system libraries 1934
(e.g., C standard library) that may provide functions such as
memory allocation functions, string manipulation functions,
mathematic functions, and the like. In addition, the libraries
1916 may include API libraries 1936 such as media libraries
(e.g., libraries to support presentation and manipulation of
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various media formats such as MPEG4, H.264, MP3, AAC,
AMR, JPG, PNG), graphics libraries (e.g., an OpenGI,
framework that may be used to render 2D and 3D graphic
content on a display), database libraries (e.g., SQLite that
may provide various relational database functions), web
libraries (e.g., WebKit that may provide web browsing
functionality), and the like. The libraries 1916 may also
include a wide variety of other libraries 1938 to provide
many other APIs to the applications 1920 and other software
components/modules.

The frameworks 1918 (also sometimes referred to as
middleware) may provide a higher-level common infrastruc-
ture that may be utilized by the applications 1920 and/or
other software components/modules. For example, the
frameworks 1918 may provide various graphic user inter-
face (GUI) functions, high-level resource management,
high-level location services, and so forth. The frameworks
1918 may provide a broad spectrum of other APIs that may
be utilized by the applications 1920 and/or other software
components/modules, some of which may be specific to a
particular operating system or platform.

The applications 1920 include built-in applications 1940
and/or third-party applications 1942. Examples of represen-
tative built-in applications 1940 may include, but are not
limited to, a contacts application, a browser application, a
book reader application, a location application, a media
application, a messaging application, and/or a game appli-
cation. The third-party applications 1942 may include any of
the built-in applications 1940 as well as a broad assortment
of other applications. In a specific example, the third-party
application 1942 (e.g., an application developed using the
Android™ or iOS™ software development kit (SDK) by an
entity other than the vendor of the particular platform) may
be mobile software running on a mobile operating system
such as 10S™, Android™, Windows® Phone, or other
mobile operating systems. In this example, the third-party
application 1942 may invoke the API calls 1924 provided by
the mobile operating system such as the operating system
1914 to facilitate functionality described herein.

The applications 1920 may utilize built-in operating sys-
tem 1914 functions (e.g., kernel 1928, services 1930, and/or
drivers 1932), libraries 1916 (e.g., system libraries 1934,
API libraries 1936, and other libraries 1938), and frame-
workshniddleware 1918 to create user interfaces to interact
with users of the system. Alternatively, or additionally, in
some systems, interactions with a user may occur through a
presentation layer, such as the presentation layer 1944. In
these systems, the application/module ‘logic’ can be sepa-
rated from the aspects of the application/module that interact
with a user.

Some software architectures utilize virtual machines. In
the example of FIG. 19, this is illustrated by a virtual
machine 1948. A virtual machine creates a software envi-
ronment where applications/modules can execute as if they
were executing on a hardware machine (such as the machine
1900 of FIG. 19, for example). A virtual machine is hosted
by a host operating system (e.g., operating system 1914 in
FIG. 19) and typically, although not always, has a virtual
machine monitor 1946, which manages the operation of the
virtual machine 1948 as well as the interface with the host
operating system (e.g., operating system 1914). A software
architecture executes within the virtual machine 1948, such
as an operating system 1950, libraries 1952, frameworksh-
niddleware 1954, applications 1956, and/or a presentation
layer 1958. These layers of software architecture executing
within the virtual machine 1948 can be the same as corre-
sponding layers previously described or may be different.
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Example Architecture and Machine-Readable Medium

FIG. 20 is a block diagram illustrating components of a
machine 2000, according to some example embodiments,
able to read instructions from a machine-readable medium
(e.g., a machine-readable storage medium or a machine-
readable storage device) and perform any one or more of the
methodologies discussed herein. Specifically, FIG. 20 shows
a diagrammatic representation of the machine 2000 in the
example form of a computer system, within which instruc-
tions 2016 (e.g., software, a program, an application, an
apples, an app, or other executable code) for causing the
machine 2000 to perform any one or more of the method-
ologies discussed herein may be executed. The instructions
2016 transform the general, non-programmed machine into
a particular machine programmed to carry out the described
and illustrated functions in the manner described. In alter-
native embodiments, the machine 2000 operates as a stand-
alone device or may be coupled (e.g., networked) to other
machines. In a networked deployment, the machine 2000
may operate in the capacity of a server machine or a client
machine in a server-client network environment, or as a peer
machine in a peer-to-peer (or distributed) network environ-
ment. The machine 2000 may comprise, but not be limited
to, a server computer, a client computer, a PC, a tablet
computer, a laptop computer, a netbook, a set-top box
(STB), a personal digital assistant (PDA), an entertainment
media system, a cellular telephone, a smart phone, a mobile
device, a wearable device (e.g., a smart watch), a smart
home device (e.g., a smart appliance), other smart devices,
a web appliance, a network router, a network switch, a
network bridge, or any machine capable of executing the
instructions 2016, sequentially or otherwise, that specify
actions to be taken by the machine 2000. Further, while only
a single machine 2000 is illustrated, the term ‘machine’ shall
also be taken to include a collection of machines 2000 that
individually or jointly execute the instructions 2016 to
perform any one or more of the methodologies discussed
herein.

The machine 2000 may include processors 2010,
memory/storage 2030, and /O components 2050, which
may be configured to communicate with each other such as
via a bus 2002. In an example embodiment, the processors
2010 (e.g., a Central Processing Unit (CPU), a Reduced
Instruction Set Computing (RISC) processor, a Complex
Instruction Set Computing (CISC) processor, a Graphics
Processing Unit (GPU), a Digital Signal Processor (DSP), an
ASIC, a Radio-Frequency Integrated Circuit (RFIC),
another processor, or any suitable combination thereof) may
include, for example, a processor 2012 and a processor 2014
that may execute the instructions 2016. The term ‘processor’
is intended to include multi-core processors that may com-
prise two or more independent processors (sometimes
referred to as ‘cores’) that may execute instructions con-
temporaneously. Although 20 shows multiple processors
2010, the machine 2000 may include a single processor with
a single core, a single processor with multiple cores (e.g., a
multi-core processor), multiple processors with a single
core, multiple processors with multiples cores, or any com-
bination thereof.

The memorylstorage 2030 may include a memory 2032,
such as a main memory, or other memory storage, and a
storage unit 2036, both accessible to the processors 2010
such as via the bus 2002. The storage unit 2036 and memory
2032 store the instructions 2016 embodying any one or more
of the methodologies or functions described herein. The
instructions 2016 may also reside, completely or partially,
within the memory 2032, within the storage unit 2036 (e.g.,
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within a storage device), within at least one of the processors
2010 (e.g., within the processor’s cache memory), or any
suitable combination thereof, during execution thereof by
the machine 2000. Accordingly, the memory 2032, the
storage unit 2036, and the memory of the processors 2010
are examples of machine-readable media.

As used herein, ‘machine-readable medium’ means a
device able to store instructions and data temporarily or
permanently and may include, but is not limited to, random-
access memory (RAM), read-only memory (ROM), buffer
memory, flash memory, optical media, magnetic media,
cache memory, other types of storage (e.g., Erasable Pro-
grammable Read-Only Memory (EEPROM)), and/or any
suitable combination thereof. The term ‘machine-readable
medium’ should be taken to include a single medium or
multiple media (e.g., a centralized or distributed database, or
associated caches and servers) able to store the instructions
2016. The term machine-readable medium’ shall also be
taken to include any medium, or combination of multiple
media, that is capable of storing instructions (e.g., instruc-
tions 2016) for execution by a machine (e.g., machine 2000),
such that the instructions, when executed by one or more
processors of the machine (e.g., processors 2010), cause the
machine to perform any one or more of the methodologies
described herein. Accordingly, a ‘machine-readable
medium’ refers to a single storage apparatus or device, as
well as ‘cloud-based’ storage systems or storage networks
that include multiple storage apparatus or devices. The term
‘machine-readable medium’ excludes signals per se.

The I/O components 2050 may include a wide variety of
components to receive input, provide output, produce out-
put, transmit information, exchange information, capture
measurements, and so on. The specific [/O components 2050
that are included in a particular machine will depend on the
type of machine. For example, portable machines such as
mobile phones will likely include a touch input device or
other such input mechanisms, while a headless server
machine will likely not include such a touch input device. It
will be appreciated that the I/O components 2050 may
include many other components that are not shown in FIG.
20. The 1/0 components 2050 are grouped according to
functionality merely for simplifying the following discus-
sion and the grouping is in no way limiting. In various
example embodiments, the /O components 2050 may
include output components 2052 and input components
2054.

The output components 2052 may include visual compo-
nents (e.g., a display such as a plasma display panel (PDP),
a light emitting diode (LED) display, a liquid crystal display
(LCD), a projector, or a cathode ray tube (CRT)), acoustic
components (e.g., speakers), haptic components (e.g., a
vibratory motor, resistance mechanisms), other signal gen-
erators, and so forth. The input components 2054 may
include alphanumeric input components (e.g., a keyboard, a
touch screen configured to receive alphanumeric input, a
photo-optical keyboard, or other alphanumeric input com-
ponents), point-based input components (e.g., a mouse, a
touchpad, a trackball, a joystick, a motion sensor, or another
pointing instrument), tactile input components (e.g., a physi-
cal button, a touch screen that provides location and/or force
of touches or touch gestures, or other tactile input compo-
nents), audio input components (e.g., a microphone), and the
like.

In further example embodiments, the I/O components
2050 may include biometric components 2056, motion
components 2058, environmental components 2060, or posi-
tion components 2062, among a wide array of other com-
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ponents. For example, the biometric components 2056 may
include components to detect expressions (e.g., hand expres-
sions, facial expressions, vocal expressions, body gestures,
or eye tracking), measure biosignals (e.g., blood pressure,
heart rate, body temperature, perspiration, or brain waves),
identify a person (e.g., voice identification, retinal identifi-
cation, facial identification, fingerprint identification, or
electroencephalogram-based identification), and the like.
The motion components 2058 may include acceleration
sensor components (e.g., accelerometer), gravitation sensor
components, rotation sensor components (e.g., gyroscope),
and so forth.

The environmental components 2060 may include, for
example, illumination sensor components (e.g., photom-
eter), temperature sensor components (e.g., one or more
thermometers that detect ambient temperature), humidity
sensor components, pressure sensor components (e.g.,
barometer), acoustic sensor components (e.g., one or more
microphones that detect background noise), proximity sen-
sor components infrared sensors that detect nearby objects),
gas sensors (e.g., gas detection sensors to detect concentra-
tions of hazardous gases for safety or to measure pollutants
in the atmosphere), or other components that may provide
indications, measurements, or signals corresponding to a
surrounding physical environment. The position compo-
nents 2062 may include location sensor components (e.g., a
Global Position System (GPS) receiver component), altitude
sensor components (e.g., altimeters or barometers that detect
air pressure from which altitude may be derived), orientation
sensor components (e.g., magnetometers), and the like.

Communication may be implemented using a wide vari-
ety of technologies. The 170 components 2050 may include
communication components 2064 operable to couple the
machine 2000 to a network 2080 or devices 2070 via a
coupling 2082 and a coupling 2072, respectively. For
example, the communication components 2064 may include
a network interface component or other suitable device to
interface with the network 2080. In further examples, the
communication components 2064 may include wired com-
munication components, wireless communication compo-
nents, cellular communication components, Near Field
Communication (NEC) components, Bluetooth® compo-
nents (e.g., Bluetooth® Low Energy), Wi-Fi® components,
and other communication components to provide commu-
nication via other modalities. The devices 2070 may be
another machine or any of a wide variety of peripheral
devices (e.g., a peripheral device coupled via a USB).

Moreover, the communication components 2064 may
detect identifiers or include components operable to detect
identifiers. For example, the communication components
2064 may include Radio Frequency Identification (RFID)
tag reader components, NFC smart tag detection compo-
nents, optical reader components (e.g., an optical sensor to
detect one-dimensional bar codes such as Universal Product
Code (UPC) bar code, multi-dimensional bar codes such as
Quick Response (QR) code, Aztec code, Data Matrix, Data-
glyph, MaxiCode, PDF417, Ultra. Code, UCC RSS-2D bar
code, and other optical codes), or acoustic detection com-
ponents (e.g., microphones to identify tagged audio signals).
In addition, a variety of information may be derived via the
communication components 2064, such as location via
Internet Protocol (IP) geolocation, location via Wi-Fi®
signal triangulation, location via detecting an NFC beacon
signal that may indicate a particular location, and so forth.

Transmission Medium

In various example embodiments, one or more portions of
the network 2080 may be an ad hoc network, an intranet, an
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extranet, a virtual private network (VPN), a local area
network (LAN), a wireless LAN (WLAN), a WAN, a
wireless WAN (WWAN), a metropolitan area network
(MAN), the Internet, a portion of the Internet, a portion of
the Public Switched Telephone Network (PSTN), a plain old
telephone service (POTS) network, a cellular telephone
network, a wireless network, a Wi-Fi® network, another
type of network, or a combination of two or more such
networks. For example, the network 2080 or a portion of the
network 2080 may include a wireless or cellular network
and the coupling 2082 may be a Code Division Multiple
Access (CDMA) connection, a Global System for Mobile
communications (GSM) connection, or another type of
cellular or wireless coupling. In this example, the coupling
2082 may implement any of a variety of types of data
transfer technology, such as Single Carrier Radio Transmis-
sion Technology (IxRTT), Evolution-Data Optimized
(EVDO) technology, General Packet Radio Service (GPRS)
technology, Enhanced Data rates for GSM Evolution
(EDGE) technology, third-Generation Partnership Project
(3GPP) including 3G, fourth-generation wireless (4G) net-
works, Universal Mobile Telecommunications System
(UMTS), High-Speed Packet. Access (HSPA), Worldwide
Interoperability for Microwave Access (WiMAX), Long-
Term Evolution (LTE) standard, others defined by various
standard-setting organizations, other long-range protocols,
or other data transfer technology.

The instructions 2016 may be transmitted or received over
the network 2080 using a transmission medium via a net-
work interface device (e.g., a network interface component
included in the communication components 2064) and uti-
lizing any one of a number of well-known transfer protocols
(e.g., HTTP). Similarly, the instructions 2016 may be trans-
mitted or received using a transmission medium via the
coupling 2072 (e.g., a peer-to-peer coupling) to the devices
2070. The term ‘transmission medium’ shall be taken to
include any intangible medium that is capable of storing,
encoding, or carrying the instructions 2016 for execution by
the machine 2000, and includes digital or analog commu-
nications signals or other intangible media to facilitate
communication of such software.

Language

Throughout this specification, plural in stances may
implement components, operations, or structures described
as a single instance. Although individual operations of one
or more methods are illustrated and described as separate
operations, one or more of the individual operations may be
performed concurrently, and nothing requires that the opera-
tions be performed in the order illustrated. Structures and
functionality presented as separate components in example
configurations may be implemented as a combined structure
or component. Similarly, structures and functionality pre-
sented as a single component may be implemented as
separate components. These and other variations, modifica-
tions, additions, and improvements fall within the scope of
the subject matter herein.

Although an overview of the inventive subject matter has
been described with reference to specific example embodi-
ments, various modifications and changes may be made to
these embodiments without departing from the broader
scope of embodiments of the present disclosure. Such
embodiments of the inventive subject matter may be referred
to herein, individually or collectively, by the term ‘inven-
tion’ merely for convenience and without intending to vol-
untarily liar-t the scope of this application to any single
disclosure or inventive concept if more than one is, in fact,
disclosed.
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The embodiments illustrated herein are described in suf-
ficient detail to enable those skilled in the art to practice the
teachings disclosed. Other embodiments may be used and
derived therefrom, such that structural and logical substitu-
tions and changes may be made without departing from the
scope of this disclosure. The Detailed Description, therefore,
is not to be taken in a limiting sense, and the scope of various
embodiments is defined only by the appended claims, along
with the full range of equivalents to which such claims are
entitled.

As used herein, the term ‘or’ may be construed in either
an inclusive or an exclusive sense. Moreover, plural
instances may be provided for resources, operations, or
structures described herein as a single instance. Additionally,
boundaries between various resources, operations, modules,
engines, and data stores are somewhat arbitrary, and par-
ticular operations are illustrated in a context of specific
illustrative configurations. Other allocations of functionality
are envisioned and may fall within a scope of various
embodiments of the present disclosure. In general, structures
and functionality presented as separate resources in the
example configurations may be implemented as a combined
structure or resource. Similarly, structures and functionality
presented as a single resource may be implemented as
separate resources. These and other variations, modifica-
tions, additions, and improvements fall within a scope of
embodiments of the present disclosure as represented by the
appended claims. The specification and drawings are,
accordingly, to be regarded in an illustrative rather than a
restrictive sense.

What is claimed is:

1. A computer system, comprising:

one or more processors; and

a non-transitory computer readable storage medium stor-
ing instructions that when executed by the one or more
processors cause the computer system to perform
operations comprising:

accessing a candidate stream definition comprising a role,
the role including a title;

accessing, based on the candidate stream definition, one
or more stream-related information sources;

extracting one or more attributes from the one or more
stream-related information sources;

inputting the one or more attributes to a combined order-
ing model, the combined ordering model trained by a
machine learning algorithm to output an ordering score
for each of one or more member profiles of members of
an online system, the combined ordering model includ-
ing weights assigned to each of the one or more
attributes;

ordering, based on the ordering scores, the one or more
member profiles;

causing presentation, on a display device, of one or more
top-ordered member profiles;

accessing feedback regarding the one or more top-ordered
member profiles; and

dynamically training the weights assigned to each of the
one or more attributes to alter the weights assigned to
each of the one or more attributes based on the feed-
back.

2. The computer system of claim 1, wherein:

the online system hosts a social networking service; and

the candidate stream definition further includes a geo-
graphic location and an organization.
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3. The computer system of claim 1, the operations further
comprising:

repeating the ordering based on the altered weights;

updating the presentation of the one or more top-ordered

member profiles on the display device, the updating
being based on the repeating;

accessing additional feedback regarding the updated dis-

play of the one or more top-ordered member profiles;
and

dynamically re-training the weights assigned to each of

the one or more attributes to alter the weights assigned
to each of the one or more attributes based on the
additional feedback.

4. The computer system of claim 1, wherein the feedback
includes explicit feedback from a user interacting with the
presentation of the one or more top-ordered member pro-
files.

5. The computer system of claim 4, wherein the explicit
feedback includes positive or negative feedback regarding
one or more of:

a role;

a title;

a location;

a degree;

an educational institution;

a major;

an industry;

an organization;

a seniority level;

a number of years of experience;

acceptance, deferral, or rejection of one of the one or more

top-ordered member profiles;

similarity between attributes of a positively-rated candi-

date and attributes of one of the or more top-ordered
member profiles; and

similarity between an employer of a positively-rated

candidate and an employer of one of the one or more
top-ordered member profiles.

6. The computer system of claim 1, wherein the feedback
includes feedback from a user interacting with the presen-
tation of the one or more top-ordered member profiles.

7. The computer system of claim 6, wherein the feedback
from the user interacting with the presentation of the one or
more top-ordered member profiles includes one or more of:

dwell time on the one or more top-ordered member

profiles;

profile sections viewed of the one or more top-ordered

member profiles; and

a number of revisits to the one or more top-ordered

member profiles.

8. The computer system of claim 1, wherein extracting the
one or more attributes comprises one or more of:

extracting a location from the one or more stream-related

information sources;

extracting a degree from the one or more stream-related

information sources;

extracting a major from the one or more stream-related

information sources;

extracting a title from the one or more stream-related

information sources and accessing titles related to the
title from a data store or algorithm that maps titles to
their related titles; and

extracting skills from the one or more stream-related

information sources and mapping the extracted skills to
skill identifiers.
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9. A computer-implemented method, comprising:

accessing a candidate stream definition comprising a role,

the role including a title;

accessing, based on the candidate stream definition, one

or more stream-related information sources;
extracting one or more attributes from the one or more
stream-related information sources;

inputting the one or more attributes to a combined order-

ing model, the combined ordering model trained by a
machine learning algorithm to output an ordering score
for each of one or more member profiles of members of
an online system, the combined ordering model includ-
ing weights assigned to each of the one or more
attributes;

ordering, based on the ordering scores, the one or more

member profiles;

causing presentation, on a display device, of one or more

top-ordered member profiles;

accessing feedback regarding the one or more top-ordered

member profiles; and

dynamically training the weights assigned to each of the

one or more attributes to alter the weights assigned to
each of the one or more attributes based on the feed-
back.

10. The computer-implemented method of claim 9, fur-
ther comprising:

repeating the ordering based on the altered weights;

updating the presentation of the one or more top-ordered

member profiles on the display device, the updating
being based on the repeating;

accessing additional feedback regarding the updated dis-

play of the one or more top-ordered member profiles;
and

dynamically re-training the weights assigned to each of

the one or more attributes to alter the weights assigned
to each of the one or more attributes based on the
additional feedback.

11. The computer-implemented method of claim 9,
wherein the feedback includes explicit feedback obtained
from a user interacting with the presentation of the one or
more top-ordered member profiles.

12. The computer-implemented method of claim 11,
wherein the explicit feedback includes positive or negative
feedback regarding one or more of:

a role;

a title;

a location;

a degree;

an educational institution;

a major;

an industry;

an organization;

a seniority level;

a number of years of experience;

acceptance, deferral, or rejection of one of the one or more

top-ordered member profiles;

similarity between attributes of a positively-rated candi-

date and attributes of one of the or more top-ordered
member profiles; and

similarity between an employer of a positively-rated

candidate and an employer of one of the one or more
top-ordered member profiles.

13. The computer-implemented method of claim 9,
wherein the feedback includes feedback from a user inter-
acting with the presentation of the one or more top-ordered
member profiles.
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14. The computer-implemented method of claim 13,
wherein the feedback from the user interacting with the
presentation of the one or more top-ordered member profiles
includes one or more of:

dwell time on the one or more top-ordered member

profiles;

profile sections viewed of the one or more top-ordered

member profiles; and

a number of revisits to the one or more top-ordered

member profiles.

15. A non-transitory machine-readable storage medium
comprising instructions that, when executed by one or more
processors of a machine, cause the machine to perform
operations comprising:

accessing a candidate stream definition comprising a role,

the role including a title;

accessing, based on the candidate stream definition, one

or more stream-related information sources;
extracting one or more attributes from the one or more
stream-related information sources;

inputting the one or more attributes to a combined order-

ing model, the combined ordering model trained by a
machine learning algorithm to output an ordering score
for each of one or more member profiles of members of
an online system, the combined ordering model includ-
ing weights assigned to each of the one or more
attributes;

ordering, based on the ordering scores, the one or more

member profiles;

causing presentation, on a display device, of one or more

top-ordered member profiles;

accessing feedback regarding the one or more top-ordered

member profiles; and

dynamically training the weights assigned to each of the

one or more attributes to alter the weights assigned to
each of the one or more attributes based on the feed-
back.

16. The non-transitory machine-readable storage medium
of claim 15, the operations further comprising:

repeating the ordering based on the altered weights;

updating the presentation of the one or more top-ordered

member profiles on the display device, the updating
being based on the repeating;

accessing additional feedback regarding the updated dis-

play of the one or more top-ordered member profiles;
and
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dynamically re-training the weights assigned to each of
the one or more attributes to alter the weights assigned
to each of the one or more attributes based on the
additional feedback.

17. The non-transitory machine-readable storage medium
of claim 15, wherein the feedback includes explicit feedback
from a user interacting with the presentation of the one or
more top-ordered member profiles.

18. The non-transitory machine-readable storage medium
of claim 17, wherein the explicit feedback includes positive
or negative feedback regarding one or more of:

a role;

a title;

a location;

a degree;

an educational institution;

a major;

an industry;

an organization;

a seniority level;

a number of years of experience;

acceptance, deferral, or rejection of one of the one or more

top-ordered member profiles;

similarity between attributes of a positively-rated candi-

date and attributes of one of the or more top-ordered
member profiles; and

similarity between an employer of a positively-rated

candidate and an employer of one of the one or more
top-ordered member profiles.

19. The non-transitory machine-readable storage medium
of claim 15, wherein the feedback includes feedback from a
user interacting with the presentation of the one or more
top-ordered member profiles.

20. The non-transitory machine-readable storage medium
of claim 19, wherein the feedback from the user interacting
with the presentation of the one or more top-ordered mem-
ber profiles includes one or more of:

dwell time on the one or more top-ordered member

profiles;

profile sections viewed of the one or more top-ordered

member profiles; and

a number of revisits to the one or more top-ordered

member profiles.
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